[bookmark: OLE_LINK74]Appendix B: DenseNet model configuration
[bookmark: _GoBack]This section details the setup of the DenseNet model optimized for oribatid classification.
DenseNet is a CNN model further developed from ResNet, characterized by its input to each layer being a concatenated map of the feature outputs from all preceding layers, which improves model efficiency (Huang et al., 2017). The DenseNet oribatid recognition network used in this study has the structure shown in Fig. S6: the preprocessed oribatid images are passed into the input layer, features are sequentially extracted through four dense group blocks in the middle, and the results are output through the classification layer. The Dense Blocks are connected by transition layers, and the classification layer outputs labels via linear regression. 
[image: ]
Fig. S6 DenseNet Recognition Process
The following discussion focuses on key parts of the model configuration and computation; additional formulas are detailed in Yang et al. (2022). Important notations used in this paper are summarized in Table S1:
Table S1 The main variables used in the training recognition process of the DenseNet model
	Variables
	Notations

	


	Feature map after l-1 layer processing

	
  
	After serial level merging of l-1 feature maps

	
 
	Normalized feature maps

	
 
	Feature maps after convolution operation

	
 
	Feature maps after activation function

	

	Output after transport layer pooling operation

	

	One-hot coding of the samples

	

	Predicted probabilities of Softmax output

	

	Network Layer

	

	Total number of samples

	

	Number of sample labels

	

	Number of channels

	

	Training batch sizes

	

	Average value of the current batch

	

	Current batch variance

	

	Scaling factor, which controls the scale of the normalized output

	

	Offset factor, which controls the offset of the normalized output





Assuming there are a total ofunprocessed oribatid mite images, with batch size , image height, image width , and number of RGB channels , each batch consists of images of . These images pass through four Dense Blocks, each comprising multiple layers for feature extraction. Specific operations per model layer are illustrated in Fig. S7. The three key components of the network architecture—Dense Block, Transition Layer, and Classification Layer—are elaborated below.
[image: Fig7]
Fig. S7 Specific operations and processes implemented within DenseNet.
(1) Dense Block
The Dense Block is a core component of the densely connected convolutional module and represents a key innovation of DenseNet. Unlike traditional CNNs where each layer receives input only from its immediate predecessor (one-to-one connection), DenseNet establishes direct connections from each layer to all subsequent layers, forming a many-to-many relationship.
The DenseNet architecture in this study consists of four Dense Blocks containing 6, 12, 48, and 32 layers respectively. Each layer within a Dense Block performs a nonlinear transformation, which consists of two convolution operations with kernel sizes 1 × 1 and 3 × 3, followed by Batch Normalization, Activation, and Concatenate. The internal structure of a five-layer Dense Block is illustrated in Fig. S8:
[image: Fig8]
Fig. S8 Feature computation in a Dense Block and transfer relations between layers (five layers as an example).




Let x0 denote the input image data to the Dense Block. The output feature map after  layers of feature extraction is. Due to DenseNet’s dense connectivity, the -th layer receives the concatenation of all preceding feature maps  as input. This is formulated in equation (S1):
 (S1)

Where  denotes the set of all feature maps processed before layer , and  represents their concatenation along the channel dimension.  is a composite function including batch normalization, an activation function (e.g., ReLU), and convolution, corresponding to the core processing unit of a Dense Block. The detailed operations are described in Algorithm 1:
	Algorithm 1: Processing of feature images by functions

	
Input: a splice of all processed feature images before the last dense block  

	
Output: feature map after current dense block integration

	1． 
A convolution operation with a convolution kernel of 1×1 is performed on the feature map of the layer  for compressing the number of channels:


	2． 
Use to normalize the feature map of the layer :



	3． 
Use  to perform an activation operation on the feature map of the layer :



	4． 
A convolution operation with a convolution kernel of 3×3 is performed on the feature map of the layer  for feature extraction:


	5． 
Splicing of the feature maps of the layer :




In Algorithm 1,  denotes a convolution operation with kernel size n × n, and represents the concatenation of  feature maps from previous  layers. The normalization function  and activation function stabilize training by normalizing inputs and accelerate training stability (Ioffe, 2015). Algorithm 2 presents detailed formulations:
	
Algorithm 2: Normalization Function 

	
Input: feature map after convolution operation

	
Output: normalized feature map

	1. 
Calculate the mean and variance across all samples for each channel individually, where  represents the feature value of the i-th sample in the batch, the c-th channel, the h-th row, the w-th column:



	2. 

normalize each eigenvalue ( is usually , used to avoid division by zero):



	3. Scale and translate each feature value:



	4. 
The serial merging of eigenvalues into 


To mitigate vanishing gradients caused by deep networks, is used (Glorot et al., 2011), defined mathematically in equation (S2):

                              (S2)
 is nonlinear, outputting zero when input ≤0, leading to sparse neuron activation and reduced computation. When input >0, the gradient is one, preventing vanishing gradients and facilitating faster convergence and efficient backpropagation.
(2) Transition Layer
As per equation (S1), the feature map channel count produced by a Dense Block equals the concatenation of outputs from all preceding layers in that block. 



Assuming  layers in a Dense Block, each producing output channels, the output feature map has  channels due to concatenation. This growth increases complexity for subsequent feature extraction. Hence, a transition layer regulates computational cost by adjusting channel number and spatial resolution.
The transition layer—denoted — is positioned between Dense Blocks, consisting of a convolution operation followed by pooling. Specifically, a convolution   reduces channel dimensions, then average pooling compresses spatial dimensions. These are defined in equations (S3) and (S4):
   

where  is the feature map integrated by the preceding Dense Block (e.g., output in Figure S3), is the compression factor (typically 0.5),  is the compressed output,  is the result after average pooling, and  denotes the average pooling function.
(3) Classification Layer
After multiple computations through Dense Blocks and transition layers, network performance is evaluated at the classification layer. During training, the loss value is a key indicator of model convergence, quantifying the discrepancies between predicted and ground-truth labels (Krizhevsky et al., 2012). A loss value closer to zero indicates better model performance and training effectiveness. In this study, DenseNet uses the multi-class cross-entropy loss function combined with the softmax function to compute the loss. 
The softmax function, also known as the normalized exponential function, converts input scores into a probability distribution over classes by mapping values to the range (0, 1). This produces a probability distribution for each category, with the sum of all probabilities equal to 1, allowing interpretation of outputs as classification probabilities.


Assuming the dataset contains  categories (classification labels), let  denote the raw (logit) output of the network for the i-th category. The softmax function transforms these logits into normalized probabilities. The exponential-transformed output for the i-th category is , and the softmax function is defined as (equation S5):

                (S5)
Where  and , ensuring outputs from a valid probability distribution.

After computing softmax outputs, predicted probabilities feed into the loss function. Let be the total number of training samples. For each sample, let  be the one-hot encoded true label, where  if the true class is category i and otherwise ; let  be the predicted probability for category from the softmax output. The cross-entropy loss function is defined as (equation S6):

                         (S6)
This penalizes discrepancies between predicted probabilities and true labels, with lower loss indicating better model performance.
References
Krizhevsky, A., Sutskever, I., and Hinton, G. E. 2012. ImageNet classification with deep convolutional neural networks. In: Proceedings of the 26th international conference on neural information processing systems. NeurIPS, 1097-1105.
image3.wmf

image45.wmf
N


oleObject51.bin

image46.wmf
i

q


oleObject52.bin

image47.wmf
(

)

(

)

(

)

1

1,N

0,1,2,...N

i,j

e

e

q

Softmax

x

1

N

0

j

q

q

i

i

pre

j

i

-

-

=

=

=

å

-

=


oleObject53.bin

image48.wmf
M


oleObject54.bin

image49.wmf
(

)

(

)

(

)

(

)

å

=

-

+

-

´

=

M

i

i

pre

i

real

le

x

x

M

1

7

log

1

loss


oleObject3.bin

image4.wmf
l

p


oleObject4.bin

image5.wmf
l

y

ˆ


oleObject5.bin

image6.wmf
l

y


oleObject6.bin

image7.wmf
l

z


oleObject7.bin

image8.wmf
"

X


oleObject8.bin

image9.wmf
(

)

i

real

x


oleObject9.bin

image10.wmf
(

)

i

pre

x


oleObject10.bin

image11.wmf
l


oleObject11.bin

image12.wmf
M


oleObject12.bin

image13.wmf
N


oleObject13.bin

image14.wmf
C


oleObject14.bin

image15.wmf
m


oleObject15.bin

image16.wmf
l

m


oleObject16.bin

image17.wmf
2

l

σ


oleObject17.bin

image18.wmf
g


oleObject18.bin

image19.wmf
b


oleObject19.bin

image20.wmf
M


oleObject20.bin

image21.wmf
m


image22.png
Input
Image

B e ey

Dense Block

x/

3*3 Cony| =
rate 32

—| Concat | =

Output x;

xblock_num

Transmon Layer i

Output X'

/" Classification Layer\'

GAP Layer

GlobalAver
agePooling =

—=> l|





image23.png




oleObject21.bin

oleObject22.bin

image24.wmf
l

x


oleObject23.bin

image25.wmf
l


oleObject24.bin

image26.wmf
[

]

1

2

0

,

,...

,

-

-

l

l

l

x

x

x

x


oleObject25.bin

image27.wmf
l


oleObject26.bin

image28.wmf
[

]

1

l

2

l

l

0

,x

,...x

,x

x

-

-


image1.png
Prediction

Input
5 Dense Block 1 = Dense Block 2 = Dense Block 3 = Dense Block 4 o} “Pergalumna
E g g g 2 intermedia”
‘ E Z 2 g & or
S g ] 8 2| |” Tectocepheus
- g velatus”





oleObject27.bin

image29.wmf
l

x


oleObject28.bin

image30.wmf
1

-

l


oleObject29.bin

oleObject30.bin

image31.wmf
(

)

l

l

y

BN

y

=

ˆ


oleObject31.bin

oleObject32.bin

image32.wmf
(

)

l

l

y

ReLU

z

ˆ

=


oleObject1.bin

oleObject33.bin

oleObject34.bin

oleObject35.bin

image33.wmf
[

]

l

1

l

1

0

l

,x

x

,x

x

x

-

=

K


oleObject36.bin

image34.wmf
BN


oleObject37.bin

image35.wmf
l

z


oleObject38.bin

oleObject39.bin

image2.wmf
1

2

1

0

,

,...

,

x

-

-

l

l

x

x

x


image36.wmf
i,c,h,w

z


oleObject40.bin

image37.wmf
(

)

å

å

å

å

å

å

=

=

=

=

=

=

-

´

´

=

´

´

=

m

1

i

H

1

h

W

1

w

2

l

i,c,h,w

2

l

m

1

i

H

1

h

W

1

w

i,c,h,w

l

μ

z

W

H

m

1

σ

z

W

H

m

1

μ


oleObject41.bin

image38.wmf
e


oleObject42.bin

image39.wmf
5

10

-


oleObject43.bin

image40.wmf
e

s

m

+

-

=

2

w

h,

c,

i,

w

h,

c,

i,

z

z

ˆ

l

l


oleObject44.bin

oleObject2.bin

image41.wmf
β

z

γ

x

i,c,h,w

i,c,h,w

+

=

ˆ


oleObject45.bin

oleObject46.bin

image42.wmf
(

)

(

)

î

í

ì

£

>

=

=

0

x

if

0

0

x

if

1

x

ReLU

dx

d

max

（ax（0�

x

ReLU


oleObject47.bin

oleObject48.bin

image43.wmf
k


oleObject49.bin

image44.wmf
k

l

C

out

´

=


oleObject50.bin

