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H I G H L I G H T S

• A pixel-wise attention mechanism based on the gradient of the loss function is designed to distinguish the importance of each pixel. This mechanism assigns 

varying weights to pixels according to their contribution to the training loss, contrasting with conventional methods that apply equal weights through channel-wise 

weighting.

• An ACKD approach is proposed to enhance semantic understanding through channel-wise attention, emphasize the foreground with spatial attention, identify salient 

pixels via pixel-wise attention, and capture global contextual relationships through contextual distillation.

• The effectiveness of the ACKD method is demonstrated through extensive experiments on four open-source datasets—Strawberry Diseases, Tomato-Village, Tomato 

Leaf Diseases, and Bean Plant Pathologies—and it achieves state-of-the-art performance when integrated into a popular one-stage you only look once (YOLO) 

detector, showcasing significant improvements in precision, recall, and mean average precision (mAP).
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A B S T R A C T

Effective crop disease detection is essential for maintaining agricultural productivity, safeguarding food secu­

rity, and ensuring the prosperity of farmers. However, the high computational demands of current deep neural 

network models often make them unsuitable for resource-constrained agricultural applications. Hence, there is 

a pressing demand for lightweight model designs for crop disease detection. To address this, we propose an 

attention-based and context-aware knowledge distillation (ACKD) approach that precisely evaluates pixel-wise 

contributions. Initially, a fine-grained pixel-wise attention mechanism identifies salient diseased pixels by em­

phasizing their gradients relative to the training loss. Secondly, spatial and channel-wise attention mechanisms 

capture broader spatial correlations and semantic details among pixels. Finally, contextual distillation extracts 

global contextual relationships, enabling the model to focus on informative pixels. By integrating these mech­

anisms, the ACKD approach transfers knowledge based on pixel-wise salience, thereby enhancing crop disease 

detection accuracy. Extensive experiments on the Strawberry Diseases, Tomato-Village, Tomato Leaf Diseases, 

and Bean Plant Pathologies datasets demonstrate that the ACKD achieves average precision (P) of 80.2%, recall 

(R) of 76.4%, F1 score of 78.1%, and mean average precision (mAP) of 80.4%. These results highlight the ACKD’s 

strong generalization across diverse crop datasets and its robust potential for agricultural applications. To our 

knowledge, this is the first application of pixel-wise attention for knowledge distillation in agricultural scenarios.

1 . Introduction

Tomatoes, beans, and strawberries are favored by consumers world­

wide and pivotal to the agricultural industry. Cultivated in climates 

ranging from temperate to tropical, they generate considerable revenue 

and are key players in the global fresh produce market. Unfortunately, 

these delicate crops are challenging to grow due to their susceptibility 

to diseases like powdery mildew, leaf spots, bacterial infections, and 
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Fig. 1. Feature discrepancies in the teacher (YOLOv7) and student (YOLOv7-tiny) models: spatial, channel attention, and activation heat maps.

viral infections, which significantly reduce both yields and fruit quality 

[1]. While traditional manual inspection methods are time-consuming 

and subjective, computer vision has emerged as a transformative solu­

tion for automated plant disease monitoring in precision agriculture [2], 

with applications ranging from strawberry disease detection [3] and ob­

ject counting [4] to geographical origin identification of Dendrobium 

officinale [5]. Nevertheless, these state-of-the-art deep learning mod­

els are computationally intensive, hindering their practical applicabil­

ity in resource-constrained agricultural settings. Therefore, deploying 

lightweight models with fewer parameters is crucial in agricultural 

contexts for their ability to facilitate swift disease identification and 

management, ensuring both a productive harvest and the economic 

prosperity of farmers.

Knowledge distillation (KD) is a model compression technique in ma­

chine learning where a smaller network, known as the student, learns 

from a larger network, referred to as the teacher. The goal of KD is 

to transfer the teacher’s knowledge to the student model, enabling 

it to perform tasks with reduced computational resources while re­

taining the teacher’s accuracy. Although many knowledge distillation 

approaches have been tailored for object detection, resulting in signifi­

cant advancements in fields such as infrared small target identification 

[6], autonomous driving [7], dense object detection [8], and facial ex­

pression recognition [9], research in crop disease detection remains 

limited.

Crop disease detection presents unique challenges that are not com­

monly found in general object detection tasks. Diseases can manifest in 

various forms, such as discoloration, lesions, and deformities, making 

their detection with conventional methods quite complex. Moreover, 

achieving precision and accurate localization is difficult, especially 

when the symptoms are subtle or blend in with the healthy plant tis­

sues. The intricate growth environment of crops further compounds 

these challenges. Although lightweight models based on quantization-

and-pruning strategies [10] and attention mechanisms [11] have been 

explored for agricultural image analysis, their deployment for crop dis­

ease detection in resource-constrained environments remains notably 

limited.

Given the complexities of crop disease detection, applying knowl­

edge distillation emerges as a promising research area. The success of 

this approach hinges on effectively selecting features for distillation, 

which is essential for tackling the challenges mentioned. In Ref. [12], 

the authors introduced a Feature Interaction Module to enhance fea­

ture learning for the students through channel and spatial attention. 

Additionally, in Ref.[13], the authors leveraged an attention mechanism 

to identify similarities between the features of teacher and student net­

works. By transferring knowledge from a well-trained teacher model to 

a more efficient student model, we can develop systems that require 

fewer computational resources while maintaining high accuracy in 

detecting and localizing diseases. This exploration of knowledge distil­

lation techniques could greatly enhance agricultural productivity and 

sustainability.

Diverse knowledge is encoded in feature maps extracted from inter­

mediate layers of neural networks. To guide effective distillation, we 

visualize and analyze the feature discrepancies between the teacher and 

student detectors using spatial and channel attention maps, as well as ac­

tivation heat maps derived from Grad-CAM [14]. This analysis facilitates 

the identification of differences in the learned features, as illustrated in 

Fig. 1. Upon examining the spatial attention (SA) maps, it is evident that 

the importance of spatial positions differs. The teacher model provides 

a clearer foreground, with more distinct boundaries and disease loca­

tions. Meanwhile, the minimal differences in the background indicate 

that not all spatial positions are equally significant to the models’ per­

formance. Furthermore, channel-wise attention (CA) varies significantly 

between the models, suggesting semantic and contextual disparities in 

information processing. In the last column of Fig. 1, the teacher model 

accurately concentrates on the diseased regions; however, the student 

model attends to irrelevant features near the diseased strawberry.

It becomes clear that discriminating salient regions within feature 

maps is crucial for identifying effective features for distillation. To this 

end, we propose an ACKD approach. The ACKD combines attention 

distillation, including spatial, channel-wise, and pixel-wise distillation 

(PA), with contextual distillation. Our approach evaluates the distinct 

contributions of pixels and channels, enabling the student model to 

locate salient features as indicated by pixel-wise and channel-wise at­

tention calculations. Moreover, to capture semantic information more 

effectively, we integrate GcBlock [15] into our model to extract the con­

textual relationships among pixels throughout the entire image. To our 

knowledge, this is the first exploration of pixel-wise attention based on 

gradients for object-level knowledge distillation, particularly in agricul­

tural scenarios. The main contributions of this paper are summarized as 

follows: 

• We design a pixel-wise attention mechanism based on the gradient 

to distinguish the saliency of each pixel. This mechanism assigns 

varying weights to pixels according to their contribution to the 

training loss, contrasting with conventional methods that apply 

equal weights through channel-wise weighting.

• We propose an ACKD approach that enhances semantic under­

standing through channel-wise attention, emphasizes the fore­

ground with spatial attention, identifies salient pixels via pixel-wise 

attention, and captures global contextual relationships by contex­

tual distillation.

• We demonstrate the effectiveness of the ACKD method through 

extensive experiments on four open-source datasets—Strawberry 
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Diseases, Tomato-Village, Tomato Leaf Diseases, and Bean Plant 

Pathologies—and it achieves state-of-the-art performance when 

integrated into a popular one-stage you only look once (YOLO) 

detector.

The paper is structured as follows. Section 2 introduces the YOLO 

algorithm, crop disease detection, and knowledge distillation for object 

detection. Section 3 discusses the attention mechanism and contextual 

distillation in the ACKD algorithm. Section 4 evaluates our method 

against state-of-the-art approaches. Finally, Section 5 summarizes the 

paper.

2 . Related work

2.1 . Overview of YOLO algorithm

The YOLO algorithm is a state-of-the-art technique in object detec­

tion, revolutionizing the execution of real-time detection tasks. Unlike 

traditional object detection methods that require multiple computations 

to identify objects in an image, YOLO performs object detection as a 

single regression problem, directly predicting the bounding boxes and 

class probabilities from the input image. This is achieved by dividing 

the image into a grid of cells, with each cell assigned class probabilities 

and bounding box coordinates. YOLO’s key innovation lies in its ability 

to simultaneously detect objects at multiple scales and locations within 

an image, significantly improving its speed and efficiency. The algo­

rithm has undergone several iterations, starting with the initial YOLOv1 

[16], followed by YOLOv2 [17], YOLOv3 [18], and the most recent ver­

sions, YOLOv7 [19] and YOLOv8 [20], each introducing enhancements 

in both accuracy and speed. YOLO’s efficiency and robustness have po­

sitioned it as a favored choice for various applications, encompassing 

video surveillance, autonomous vehicles, and real-time interactive ap­

plications. In this paper, we choose a YOLOv7 detector to evaluate our 

proposed method.

2.2 . Crop disease detection

Crop disease detection is a classic application in agricultural ob­

ject detection, with significant advancements in recent years. Various 

deep-learning models have been explored to enhance the accuracy and 

efficiency of crop disease identification. As reported in Ref. [21], an im­

proved YOLO model was constructed for cotton disease and pest recog­

nition, employing an efficient channel attention mechanism, Focal Loss 

function, and Hard-Swish activation function. In the study presented in 

Ref. [22], a progressive learning and region proposal module was de­

signed to reduce the negative effects of features resembling vegetable 

diseases. According to Ref. [23], a convolutional neural network (CNN) 

model was presented for detecting maize diseases. This model lever­

ages an auxiliary classifier generative adversarial network (ACGAN) to 

expand the training dataset, thereby improving the model’s ability to 

generalize. Additionally, the model employs transfer learning to adapt 

to the complexities of various cultivation environments. The Internet of 

Things (IoT) platform StrawberryTalk, as detailed in Ref. [24], exem­

plifies the integration of technology for image-based strawberry disease 

detection, improving performance by mitigating wind interference and 

optimizing camera configurations. Despite advancements in object de­

tection technology, agricultural applications still face challenges such 

as variability in lighting conditions, complex backgrounds, and the di­

versity of crop types. The requirements for real-time processing and 

lightweight algorithms further complicate the deployment of efficient 

detection systems.

2.3 . Knowledge distillation for object detection

Early works in knowledge distillation introduced the concept of us­

ing the teacher’s soft targets as an additional source of information 

to guide the student’s training. Since then, the field has evolved to 

encompass a variety of distillation strategies, such as decoupled knowl­

edge distillation for classification and regression [25], dynamic distil­

lation [26], student-centered distillation [27], localization distillation 

[28], and multi-teacher distillation [29]. These strategies aim to cap­

ture different aspects of the teacher’s knowledge. While most of these 

approaches have been presented for image classification, significant ad­

vancements have been made in applying knowledge distillation to object 

detection. Object detection is inherently more complex than image clas­

sification because it involves not only the classification of objects but 

also their precise localization. In particular, crop disease detection via 

knowledge distillation remains an under-explored area of research.

Knowledge is typically encoded in feature maps, which makes 

feature-based distillation a preferred method for transferring knowledge 

from the intermediate layers of CNNs. The FGD method, introduced in 

Ref. [30], combines focal and global distillation approaches for object 

detection. It employs focal distillation through a scale mask to extract 

knowledge from the foreground and background separately. Then, it 

leverages the GcBlock [15], a block designed to learn global interac­

tions between these extracted features. GKD-BMFI, presented in Ref. 

[31], was designed to weigh feature importance with gradients in object-

level knowledge distillation. It utilizes the gradients of the detection 

loss relative to the feature maps. Unlike FGD, GKD-BMFI identifies valu­

able distillation regions by focusing on ground-truth bounding boxes and 

their neighboring pixels. However, after calculating the gradients, GKD-

BMFI performs a global average pooling to derive a single weight for 

each channel, potentially obscuring the importance of individual pixels 

within the channel. The IRKD method, proposed in Ref.[6] for infrared 

small target detection, incorporates a unified channel-spatial attention 

module to distinguish feature distinctions between the teacher and stu­

dent models. Concurrently, GcBlock is applied to capture contextual 

information.

Despite the advancements, these state-of-the-art approaches treat all 

pixels within identified knowledge regions equally, overlooking the dis­

tinct contributions each pixel can make to accurate classification and 

precise localization. This uniform treatment significantly hinders the 

effectiveness of knowledge transfer, highlighting the need for a more so­

phisticated approach that recognizes the individual significance of each 

pixel.

3 . Methodology

This section presents the overall architecture of the proposed ACKD. 

As shown in Fig. 2, the ACKD comprises two key components: attention-

based distillation and context-aware distillation, detailed in Sections 3.1 

and 3.2, respectively.

3.1 . Attention-based distillation

We introduce an attention-based distillation designed to address the 

limitations of uniform pixel treatment. By prioritizing pixels based on 

their task-specific attention, our method enhances the model’s ability to 

learn from the most informative pixels and streamlines the knowledge 

transfer process.

3.1.1 . Pixel-wise attention

In this section, we introduce a gradient-based salient pixel-wise at­

tention (PA) mechanism to discern pixel-level knowledge. It is important 

to recognize that different pixels within the same feature map play dis­

tinct roles in knowledge distillation. To identify which pixels should 

receive greater attention during distillation, we draw inspiration from 

Grad-CAM [14], a technique known for its ability to highlight important 

regions in images. The contribution of each pixel in the feature maps can 

be determined by the loss gradient of that pixel. This process is analo­

gous to assigning a weight to each pixel, where the gradient signifies the 

pixel’s importance. Similar to how humans focus on salient regions when 

perceiving images, the gradient of each pixel acts as an indicator that in­

fluences the loss. In essence, the salient pixels are characterized by the 
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Fig. 2. Illustration of the proposed ACKD method.

highest gradients, signifying their critical role in the neural network’s 

decision-making process.

The pixel-wise attention pi is defined as: 

pi = Norm
( 𝜕
𝜕𝑥

)

(1)

where  indicates the aggregate distillation loss of the model, 𝑥 repre­

sents a pixel in a feature map T, the superscript T denotes the teacher 

model, and Norm(⋅) denotes the min-max normalization operation. After 

performing Eq. (1), pi matches the dimension of T and has values in 

the range [0, 1]. Applying this weight to T through multiplication gen­

erates a pixel-wise saliency map that highlights the most informative 

pixels.

The teacher applies the pixel-wise attention based on the aggregate 

distillation loss  and its pixels 𝑥 in the feature map T. The result­

ing pixel-wise salience map, with dimensions 𝐻 ×𝑊 × 𝐶, indicates the 

importance of each pixel in the teacher’s feature map.

Proposition 1. The salience of the pixel 𝑥 is directly proportional to the 

magnitude of the gradient 
𝜕
𝜕𝑥

.

Proof. Let  be the aggregate distillation loss function defined on 

R𝐻×𝑊 ×𝐶 , and assume that it is differentiable at the pixel 𝑥 =
(𝑥1, 𝑥2,… , 𝑥𝐶 ) of the feature map T, where 𝐻 , 𝑊 , and 𝐶 denote the 

height, width, and number of channels of T, respectively. Using the 

first-order Taylor expansion at 𝑥, the change in  around 𝑥 can be 

approximated as:

(𝑥 + Δ𝑥) ≈ (𝑥) + 𝜕
𝜕𝑥

⋅ Δ𝑥

where ⋅ represents inner product, and the gradient vector 
𝜕
𝜕𝑥

 is given 

by:

𝜕
𝜕𝑥

=
(

𝜕
𝜕𝑥1

(𝑥), 𝜕
𝜕𝑥2

(𝑥),… , 𝜕
𝜕𝑥𝐶

(𝑥)
)

The change in the loss function  around 𝑥 can be expressed as:

Δ = (𝑥 + Δ𝑥) − (𝑥)

Using the Taylor expansion approximation, we have:

Δ ≈ 𝜕
𝜕𝑥

⋅ Δ𝑥

The salience of the pixel 𝑥 is determined by its impact on the loss 

function . From the above approximation, it is evident that the change 

in the loss function Δ is directly proportional to the gradient 
𝜕
𝜕𝑥

 at the 

pixel 𝑥. Specifically:

• If 
|

|

|

|

𝜕
𝜕𝑥

|

|

|

|

 is large, a small change Δ𝑥 in the pixel value 𝑥 will result 

in a larger change Δ in the loss function. This indicates that the 

pixel 𝑥 is highly salient, as it has a significant impact on .

• Conversely, if 
|

|

|

|

𝜕
𝜕𝑥

|

|

|

|

 is small, the change Δ in the loss function 

will be smaller for the same Δ𝑥. This suggests that the pixel 𝑥 is 

less salient, as it has a minimal impact on .

Therefore, the salience of a pixel 𝑥 is directly proportional to the 

magnitude of the gradient 
𝜕
𝜕𝑥

. This relationship provides a formal jus­

tification for using gradient-based methods to measure pixel salience in 

the context of a differentiable loss function . □

Utilizing gradients offers three main advantages, particularly in 

knowledge distillation and model compression tasks. First, gradients 

help detect salient image pixels, which most strongly influence the 

model’s predictions. This ability is crucial for pinpointing the discrimi­

native areas of the image, allowing for effective knowledge transfer from 

a teacher model to a student model.

Second, the gradient-based approach is beneficial for weakly super­

vised disease localization. By emphasizing the pixels that most influence 

the model’s output, we can effectively identify diseased areas within the 

image, even when labeled data are scarce. This targeted focus improves 

localization accuracy by concentrating on the pixels most indicative of 

the presence of disease.

Lastly, the calculation of gradients is computationally efficient and 

instructively beneficial. It enables the student model to learn the de­

cision boundaries with fewer parameters by focusing on the gradients 

of the teacher model’s outputs. This approach maintains high accuracy 

while reducing complexity, as the student model is trained to recognize 

and respond to the most critical features of the input data.
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Fig. 3. Illustration of channel-wise attention and spatial attention.

3.1.2 . Channel-wise attention

In CNNs, the number of output channels corresponds to the number 

of filters. Applying diverse filters is an effective technique for extracting 

semantic information at different levels, ranging from simple features 

like edges and textures to more complex patterns like shapes and objects. 

To preserve high-level features that are sensitive to multiple scales and 

receptive fields, channel-wise attention (CA) [32] is applied, as depicted 

in Fig. 3(a). The CA mechanism allocates larger weights to channels that 

exhibit high responses to salient objects.

Let the input feature map   have dimensions of 𝐻 × 𝑊  (height by 

width) and 𝐶 channels. The global average pooling (GAP) operation 𝑃
can be represented as: 

𝑃 (𝑐) = 1
𝐻 ⋅𝑊

𝐻
∑

𝑖=1

𝑊
∑

𝑗=1
 (𝑐)𝑖𝑗 (2)

where 𝑐 denotes the channel index (𝑐 ∈ [1, 𝐶] ), and  (𝑐)𝑖𝑗  represents 

the pixel value at the 𝑖-th row and 𝑗-th column in the 𝑐-th channel of the 

input feature map. 𝑃 (𝑐) represents the output value of the 𝑐-th channel 

after GAP.

Two fully connected (FC) operations are sequentially applied to ex­

tract channel-wise semantics. Channel-wise attention 𝐶ℎ( ) is defined 

as: 

𝐶ℎ( ) = Sigmoid(FC2(ReLU(FC1(𝑃 (𝑐),𝑊1)),𝑊2)) (3)

where FC1(⋅) and FC2(⋅) are fully connected layers parameterized by 𝑊1
and 𝑊2, rectified linear unit (ReLU) is the activation function, and the 

Sigmoid function normalizes the output to a range between 0 and 1. 

This process yields a vector of size 1 × 1 × 𝐶, with values indicating the 

importance of each channel.

As shown in Fig. 2, both the teacher and the student apply channel-

wise attention based on their respective feature maps 𝑇  and 𝑆 . The 

resulting vectors, each with a size of 1×1×𝐶, represent the channel-wise 

attention maps for the teacher and student.

3.1.3 . Spatial attention

In crop disease detection, images are characterized by rich fore­

ground information and intricate backgrounds. To reduce background 

interference, we aim to extract detailed foreground knowledge by fo­

cusing on salient objects and minimizing distracting textures. Therefore, 

we adopt spatial attention [32] to prioritize the foreground, rather than 

treating all spatial pixels equally, thereby facilitating the extraction of 

features crucial for identifying crop diseases.

Given the feature map  , we design two parallel branches to extract 

spatial attention, each applying consecutive convolutional operations 

with kernel sizes of 1 × 𝑘 and 𝑘× 1. Spatial attention 𝑆( ) is defined as: 

𝑆1 = Conv2(Conv1( ,𝑊3),𝑊4)

𝑆2 = Conv1(Conv2( ,𝑊4),𝑊3)

𝑆( ) = Sigmoid(𝑆1 + 𝑆2)

(4)

where Conv1(⋅) and Conv2(⋅) denote convolutional operations parameter­

ized by 𝑊3 and 𝑊4, respectively. 𝑆1 and 𝑆2 represent the features from 

the two branches, respectively. The element-wise addition of 𝑆1 and 𝑆2
is followed by applying the Sigmoid function to normalize the output 

to a range between 0 and 1, resulting in a spatial attention map of size 

𝐻 ×𝑊 × 1.

As shown in Fig. 2, both the teacher and the student apply spatial 

attention based on their respective feature maps 𝑇  and 𝑆 . The result­

ing spatial attention maps, each with a size of 𝐻 ×𝑊 × 1, highlight the 

importance of different spatial locations within the feature maps.

3.1.4 . Attention-based distillation loss

Based on Eqs. (3) and (4), channel saliency ch and spatial saliency 

sp are defined as:

ch = 𝐶 ⋅ Softmax
(

|

|

|

𝐶ℎ(T) − 𝐶ℎ(S)||
|

∕𝜏
)

sp = 𝐻 ⋅𝑊 ⋅ Softmax
(

|

|

|

𝑆(T) − 𝑆(S)||
|

∕𝜏
)

(5)

where 𝑆(⋅) and 𝐶ℎ(⋅) denote the spatial and channel saliency functions, 

respectively, 𝜏 is a scaling factor, and the superscripts T and S denote 

the teacher and student models, respectively.

There are distinct differences between the features of students and 

teachers. Instead of directly using the teacher’s features for guidance, 

we utilize pi, sp, and ch, which are derived from pixel-wise at­

tention, spatial saliency, and channel saliency, to instruct the students. 

Consequently, the attention-based loss AT is defined as:

AT = 1
𝐻 ⋅𝑊 ⋅ 𝐶

𝐻
∑

𝑖=1

𝑊
∑

𝑗=1

𝐶
∑

𝑐=1
pi

𝑖,𝑗,𝑐
sp
𝑖,𝑗

ch
𝑐 ‖T

𝑖,𝑗,𝑐 − 𝑓 (S
𝑖,𝑗,𝑐 )‖

2
2 (6)

where S and T denote the feature maps of the student and teacher 

models, respectively. The function 𝑓 (⋅) is used to align S and T. The 

weighting factors pi, sp, and ch emphasize the relative importance 

of different pixel locations and channels in the loss calculation.

As shown in Fig. 2, the attention-based distillation loss AT is com­

puted using three saliency weights: the channel saliency ch, the spatial 

saliency sp, and the pixel-wise attention pi. ch and sp are derived 

from the differences between the teacher and student feature maps. pi

is obtained by normalizing the gradient of the aggregate distillation loss 

 with respect to the pixels in the teacher’s feature map. These weights 

are then combined to guide the student model by emphasizing important 

features.

3.2 . Context-aware distillation

Context is vital in object detection, particularly for identifying crop 

diseases in complex agricultural scenes cluttered with similar appear­

ances. It enhances the model’s understanding by analyzing how the 

arrangement of pixels, visual features, and semantic meaning influence 

spatial relationships. This contextual knowledge is crucial for accurately 

localizing diseases within an image. To capitalize on this advantage, we 

propose a context-aware distillation method that transfers contextual 

knowledge from the teacher model’s feature maps to the student model, 

enhancing detection accuracy.

We apply a GcBlock [15] to extract global contextual information 

from an image, facilitating the contextual knowledge transfer from the 
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Fig. 4. Illustration of context-aware distillation with GcBlock.

teacher to the student, as shown in Fig. 4. The context-aware distillation 

loss is defined below.

( ) =  +𝑊𝑣2ReLU
⎛

⎜

⎜

⎝

LN
⎛

⎜

⎜

⎝

𝑊𝑣1
∑𝑁𝑝

𝑗=1
𝑒𝑤𝑘𝑗

∑𝑁𝑝
𝑚=1 𝑒

𝑤𝑘𝑚

𝑗

⎞

⎟

⎟

⎠

⎞

⎟

⎟

⎠

CO =
𝐻
∑

𝑖=1

𝑊
∑

𝑗=1

𝐶
∑

𝑐=1
‖(T

𝑖,𝑗,𝑐) − (S
𝑖,𝑗,𝑐 )‖

2
2 (7)

where 𝑊𝑘, 𝑊𝑣1, and 𝑊𝑣2 represent convolutional layers, LN and ReLU 

denote layer normalization and activation functions, respectively.  de­

notes the GcBlock transformation, and 𝑁𝑝 is the positional size of the 

feature map  .

As shown in Fig. 2, the context-aware distillation process involves 

computing the GcBlock transformations for both the teacher and stu­

dent models. The context-aware distillation loss CO is then calculated 

based on the differences between these transformations, facilitating the 

transfer of contextual knowledge from the teacher to the student.

3.3 . Detection loss of the student model

In general, any object detection network can serve as the student 

model. For clarity, we select the YOLOv7-tiny network as our student 

model for this explanation. The loss function for YOLOv7-tiny, denoted 

as OR, is a sum of the objectness loss obj, classification loss cls, and 

bounding box regression loss box, each weighted by their respective 

importance ratios. The student loss OR can be expressed as: 

OR = 𝜆1 × obj + 𝜆2 × cls + 𝜆3 × box (8)

where 𝜆1, 𝜆2, and 𝜆3 are hyperparameters that determine the relative 

contribution of each loss component to the total loss during training.

Objectness loss obj and classification loss cls are calculated us­

ing binary cross-entropy (BCE) between the predicted scores and the 

corresponding true labels: 

obj = BCE (𝑦̂obj, 𝑦obj)

cls = BCE (𝑦̂cls, 𝑦cls)
(9)

where 𝑦̂obj and 𝑦̂cls are predicted objectness and classification scores, and 

𝑦obj and 𝑦cls are their true labels, respectively. BCE(⋅) denotes the binary 

cross-entropy function.

Bounding box regression loss box is determined by the CIoU 

(complete intersection over union) [19] metric between the predicted 

bounding box coordinates 𝑦̂box and the true bounding box coordinates 

𝑦box:

box = 1 − CIoU(𝑦̂box, 𝑦box) (10)

For the details of CIoU, refer to [19].

As shown in Fig. 2, the student model’s detection loss box is com­

puted based on the predicted results from the detection head and ground 

truth, highlighting the contributions of objectness, classification, and 

bounding box regression losses.

3.4 . Aggregate distillation loss

An attention-based, context-aware distillation method has been de­

signed to guide the student model’s learning. The student model is 

trained using the following aggregate loss function for distillation. 

 = 𝛼AT + 𝛽CO + 𝛾OR (11)

where 𝛼, 𝛽, and 𝛾 are hyperparameters that balance the loss func­

tion components. AT denotes the attention-based distillation loss, CO
represents the context-aware distillation loss, and OR refers to the de­

tection loss of the student model. As shown in Fig. 2,  is used to train the 

student model and calculate the pixel-wise saliency pi. The pipeline of 

the ACKD model is described by Algorithm 1.

Algorithm 1 outlines the training procedure of the ACKD model. 

Within each training epoch, the algorithm processes each batch of the 

training dataset through three essential steps: (1) Forward Pass (lines 4-

6): It computes the feature maps T and S from the teacher and student 

models, respectively. (2) Attention Weight Calculation (lines 7-9): It cal­

culates the PA, CA, and SA attention weights, which guide the student 

model in capturing critical features from the teacher model. (3) Loss 

Computation (lines 10-14): It computes the attention-based distillation 

loss AT, context-aware distillation loss CO, and the original detection 

loss OR, aggregating them into a total loss . After processing each 
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Algorithm 1 Attention-based and context-aware knowledge distillation 

(ACKD) model.

 Input:  

The pre-trained teacher model T, training set , balancing hyper­

parameters 𝛼, 𝛽, 𝛾, and learning rate 𝜂.

 Output:  

Student model S with parameter 𝜃S.

1: Initialize 𝜃S randomly; Initialize losses: AT ← 0, CO ← 0, OR ← 0, 

 ← 0; Initialize hyperparameters: 𝛼 ← 1, 𝛽 ← 2.5 × 10−5, 𝛾 ← 1, 

𝜂 ← 0.01; 

2: for each epoch do

3: for each batch of training data (𝑥, 𝑦) ∈  do

4: Forward pass: 

5:  Compute feature maps T from the teacher model T; 

6:  Compute feature maps S from the student model S; 

7: Compute attention weights: 

8:  Pixel-wise attention weight pi by Eq. (1); 

9:  Channel-wise attention weight ch and spatial attention 

weight sp by Eq. (5); 

10: Compute losses: 

11:  Attention-based distillation loss AT by Eq. (6); 

12:  Context-aware distillation loss CO by Eq. (7); 

13:  Original detection loss OR by Eq. (8); 

14: Compute total loss by Eq. (11):  ← 𝛼AT + 𝛽CO + 𝛾OR;

15: end for

16: Update parameters: 𝜃S ← 𝜃S − 𝜂∇𝜃S
;

17: end for

18: return  The student model S with updated parameters 𝜃S.

batch, the student model’s parameters 𝜃S are updated via backpropaga­

tion (line 16). This iterative process continues across multiple epochs 

until the model converges, ultimately yielding the optimized student 

model.

The computational complexity of these steps is crucial for the effi­

ciency and scalability of the ACKD model. During the forward pass, the 

complexity of extracting feature maps T and S is determined by the 

respective teacher and student models. For attention weight calculation, 

PA and CA have a complexity of 𝑂(𝐻 ×𝑊 ×𝐶), while SA has 𝑂(𝐻 ×𝑊 ×
𝐶2 × 𝑘). In terms of loss computation, AT and CO have 𝑂(𝐻 ×𝑊 ×𝐶), 
and OR depends on the specific student model. Here, 𝐻 , 𝑊 , and 𝐶 de­

note the height, width, and channel size of the features, respectively, 

and 𝑘 denotes the kernel size in spatial attention. Despite incorporating 

multiple attention mechanisms and a global context block, the over­

all complexity remains manageable and scalable, ensuring enhanced 

performance without prohibitive computational overhead.

While the above complexity analysis establishes theoretical bounds, 

we further quantify the empirical training cost. The gradient-based pixel 

attention requires backpropagating gradients ∇pi through Eq. (6). 

This gradient computation is efficiently realized by treating pi as 

a differentiable tensor within PyTorch’s computational graph. During 

backpropagation, gradients for all spatial and channel dimensions are 

computed simultaneously via optimized tensor operations, eliminating 

the need for explicit per-element gradient coding. Empirical evaluation 

shows ACKD introduces moderate computational overhead, with 23.1% 

additional training time per epoch and 3.5% increased GPU memory 

consumption relative to the student baseline, confirming its practical­

ity for resource-constrained applications. Detailed ablation studies are 

provided in Table 6 of Section 4.4.1.

4 . Experiments

The experiments employ the advanced YOLOv7 as the teacher model 

and its compact variant, YOLOv7-tiny, as the student model for crop 

disease object detection in agricultural settings. YOLOv7 is renowned 

for its high performance, while YOLOv7-tiny is appreciated for its 

smaller size and lower computational demands, making it ideal for 

resource-constrained applications. We aim to assess the effectiveness of 

transferring sophisticated features from the teacher to the student model 

using the ACKD method.

4.1 . Experimental design and metrics

Our evaluations are conducted on a server equipped with an Intel(R) 

Xeon(R) Gold 6330 processor and three NVIDIA A100 graphics pro­

cessing units (GPUs), running Ubuntu 20.04. The experiments utilize 

PyTorch 1.12.0 as the deep learning framework, with compute unified 

device architecture (CUDA) version 11.3 for GPU acceleration. The train­

ing schedule comprises 600 epochs, a batch size of 16, an initial learning 

rate of 0.01, and a cosine decay factor of 0.2 to adjust the learning rate 

over time. We employ stochastic gradient descent (SGD) as the optimiza­

tion algorithm, resizing input images to 640×640 pixels. The distillation 

temperature, a hyperparameter that influences the softening of logits in 

the distillation process, is set to 0.8 based on ablation experiments. For 

the aggregate distillation loss, the hyperparameters are empirically set 

to 𝛼 = 1, 𝛽 = 2.5×10−5, and 𝛾 = 1 to balance loss magnitudes and ensure 

stable training. Specifically, 𝛼 = 𝛾 = 1 leverages the natural scaling of 

AT (normalized by 𝐻 ×𝑊 ×𝐶) and OR (YOLOv7 default), whereas the 

small 𝛽 prevents the unnormalized CO from overwhelming the total loss 

and causing gradient instability. The teacher and student detection loss 

parameters are set to 𝜆1 = 0.7, 𝜆2 = 0.3, and 𝜆3 = 0.05, corresponding to 

the default settings in the YOLOv7 model. Spatial attention is modulated 

with 𝑘 = 9, which is adopted from the reference [32].

The detection performance of the models is evaluated using precision 

(P), recall (R), mean average precision at IoU 0.5 (mAP@0.5), and mean 

average precision at IoU ranging from 0.5 to 0.95 (mAP@0.5:0.95). 

Computational efficiency is evaluated in terms of model parameters, 

training time per epoch, peak GPU memory, and inference speed (frames 

per second, FPS).

4.2 . Datasets

Building upon this experimental foundation, we evaluate the perfor­

mance of ACKD across four diverse open-source datasets: Strawberry 

Diseases [33], Tomato-Village [34], Tomato Leaf Diseases [35], and 

Bean Plant Pathologies [36]. These datasets, which offer a rich collec­

tion of images and annotations for various plant diseases, are detailed 

below and serve as benchmarks for assessing the model’s training and 

testing efficacy. Fig. 5 depicts representative examples of the four key 

datasets.

The Strawberry Diseases Dataset [33] consists of 1943 images and 

categorizes seven types of strawberry diseases: gray mold fruit, powdery 

mildew fruit, anthracnose fruit, powdery mildew leaf, leaf spot, cal­

cium deficiency leaf, and angular leaf spot. It includes images collected 

by the artificial intelligence laboratory (AI Lab) at Jeonbuk National 

University, as well as images sourced from the Internet by us. The dataset 

is divided into a training set of 1547 images and a validation set of 396 

images.

Moving on to tomato diseases, the Tomato-Village Dataset [34], 

comprising 14,368 images and 161,175 bounding boxes, is divided 

into training and validation subsets with 11,493 and 2875 images, re­

spectively. It captures real-world contexts for detecting six types of 

tomato diseases: late blight, leaf miner, magnesium deficiency, nitrogen 

deficiency, potassium deficiency, and spotted wilt virus.

Another dataset focused on tomato diseases is the Tomato Leaf 

Diseases Dataset [35], which consists of 706 images, divided into train­

ing and validation subsets with 645 and 61 images, respectively. Unlike 

the Tomato-Village dataset, which focuses on a broader range of tomato 

diseases, this dataset is specifically designed to detect seven types of 

conditions affecting tomato leaves, including bacterial spot, early blight, 

late blight, leaf mold, target spot, and black spot, as well as to identify 

healthy leaves.
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Fig. 5. Representative examples of the four datasets.

Table 1 

Details of the four datasets.

Dataset Number of categories Training set Validation set Ground truth boxes Average boxes per image

Small Medium Large

Strawberry Diseases 7 1547 396 38 940 4051 2.59

Tomato-Village 6 11,493 2875 32,893 92,193 36,137 11.21

Tomato Leaf Diseases 7 645 61 1538 517 265 3.29

Bean Plant Pathologies 2 3512 990 418 2363 13,272 3.56

Lastly, the Bean Plant Pathologies Dataset [36], a subset of the 

Makerere University Beans Image Dataset, consists of 4988 images cu­

rated for diagnosing diseases in bean crops. It includes 3512 training 

images, 990 validation images, and 486 test images. The images are di­

vided into two main disease classes: angular leaf spot and bean rust, 

both affecting bean leaves, along with healthy images to improve the 

model’s detection capabilities.

The aforementioned four datasets provide a comprehensive testbed 

for evaluating the ACKD algorithm. The fields in Table 1 highlight the 

datasets’ diversity and complexity in the following four aspects, which 

are critical for assessing the algorithm’s robustness and adaptability.

• Image Scales: The datasets vary significantly in size, ranging from 

the smallest Tomato Leaf Diseases dataset (645 training images and 

61 validation images) to the largest Tomato-Village dataset (11,493 

training images and 2875 validation images). This diversity al­

lows us to assess the algorithm’s performance across different data 

magnitudes.

• Object Size Distribution: The datasets exhibit diverse object size 

distributions, with the Tomato Leaf Diseases dataset containing 

1538 small boxes, the Strawberry Diseases dataset having 4051 large 

boxes, the Bean Plant Pathologies dataset comprising 13,272 large 

boxes, and the Tomato-Village dataset featuring 92,193 medium 

boxes. This variation challenges the algorithm to adapt to different 

object sizes.

• Object Density: The datasets differ in object density, with the 

Tomato-Village dataset having the highest average number of boxes 

per image (11.21) and the Strawberry Diseases dataset having the 

lowest (2.59). This diversity evaluates the algorithm’s ability to 

handle varying disease complexities.

• Application Challenges: In practical agricultural scenarios, the 

number of objects often varies significantly across categories. For 

instance, as shown in Fig. 6, the Strawberry Diseases dataset includes 

1662 objects in the powdery mildew leaf category and only 279 ob­

jects in the anthracnose fruit category. Similarly, the Tomato-Village

dataset contains 107,151 objects in the leaf miner category but 

only 1126 objects in the potassium deficiency category. This dis­

parity exacerbates the challenge for the ACKD algorithm to adapt 

effectively.

To address the challenges posed by the diverse characteristics of 

these datasets, we employ ten data augmentation techniques in pre­

processing data. These techniques enhance the generalization abil­

ity of the ACKD model by exposing it to a variety of real-world 

agricultural scenarios. Specifically, the techniques include HSV augmen­

tation (for Hue, Saturation, and Value), translation, scale adjustment, 
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Fig. 6. Ground truth boxes in the Strawberry Diseases and Tomato-Village datasets.

shear transformation, perspective transformation, horizontal flip, mo­

saic augmentation, mixup augmentation, copy-paste augmentation, and 

paste-in augmentation.

4.3 . Comparison study

4.3.1 . Comparison with state-of-the-art methods

To evaluate the effectiveness of our ACKD method, we conduct a 

comparative analysis with state-of-the-art object detection distillation 

methods, including FGD [30], IRKD [6], and GKD-BMFI [31]. These 

methods represent the latest advancements in the field, each employ­

ing innovative technical approaches to enhance the student model’s 

performance.

As shown in Table 2, ACKD consistently enhances the student model’s 

detection capability across all four agricultural datasets, yielding im­

provements of 0.3%–2.2% in F1 score and 1.4%–2.9% in mAP@0.5. 

These gains effectively narrow the performance gap between the 

lightweight student and heavyweight teacher models, demonstrating 

robust cross-domain knowledge transfer despite varying disease patterns 

and visual complexities.

Beyond quantitative accuracy gains, ACKD demonstrates superior 

stability, with consistent improvements in comprehensive metrics (F1 

and mAP) despite dataset-specific trade-offs in precision and recall. 

In contrast, the compared methods occasionally suffer performance 

degradation: FGD exhibits declines in mAP@0.5:0.95 on the Strawberry 

Diseases and Bean Plant Pathologies datasets, while IRKD shows slight 

precision drops on the Tomato-Village dataset. Notably, on the Tomato 

Leaf Diseases dataset—where the student baseline unexpectedly sur­

passes its teacher (a weak teacher scenario)—ACKD uniquely achieves 

further improvements in recall and mAP@0.5, whereas the competing 

approaches consistently suffer performance degradation. This robust­

ness highlights ACKD’s unique advantage in handling such challenging 

teachers, a critical capability for practical deployment where teacher 

performance is variable or unreliable.

The consistent F1 score improvements across diverse datasets reflect 

distinct precision–recall optimization patterns. These results indicate 

that ACKD achieves favorable precision–recall balances across different 

dataset characteristics: it improves precision (up to 5.1%) for fine-

grained discrimination tasks such as strawberry disease identification, 

while enhancing recall (up to 7.3%) for comprehensive coverage 

Table 2 

Comparative analysis of ACKD with three alternative methods (%) and McNemar’s test.

Dataset Model P R F1 score mAP@0.5 mAP@0.5:0.95 𝑍 value/significant?

Strawberry Diseases YOLOv7 (T) 88.2 84.9 86.5 91.9 71.0 2.09/Yes

YOLOv7-tiny (S) 84.5 81.5 83.0 87.9 65.6 2.04/Yes

FGD [30] 86.0 (+1.5) 82.8 (+1.3) 84.4 (+1.4) 88.7 (+0.8) 64.7 (−0.9) 2.02/Yes

IRKD [6] 84.3 (−0.2) 85.9 (+4.4) 85.1 (+2.1) 90.3 (+2.4) 66.0 (+0.4) 2.91/Yes

GKD-BMFI [31] 85.2 (+0.7) 81.0 (−0.5) 83.0 (+0.0) 87.7 (−0.2) 65.2 (−0.4) 2.66/Yes

Ours 89.6 (+5.1) 81.0 (−0.5) 85.1 (+2.1) 90.7 (+2.8) 66.0 (+0.4) –

Tomato-Village YOLOv7 (T) 97.6 96.0 96.8 98.3 76.9 22.75/Yes

YOLOv7-tiny (S) 88.2 82.3 85.1 86.5 51.3 14.83/Yes

FGD [30] 89.9 (+1.7) 85.4 (+3.1) 87.6 (+2.5) 89.0 (+2.5) 49.5 (−1.8) 3.31/Yes

IRKD [6] 87.4 (−0.8) 84.7 (+2.4) 86.0 (+0.9) 87.5 (+1.0) 47.9 (−3.4) 8.76/Yes

GKD-BMFI [31] 88.1 (−0.1) 85.1 (+2.8) 86.6 (+1.5) 88.3 (+1.8) 48.4 (−2.9) 5.84/Yes

Ours 89.5 (+1.3) 85.3 (+3.0) 87.3 (+2.2) 89.4 (+2.9) 49.7 (−1.6) –

Bean Plant Pathologies YOLOv7 (T) 66.2 62.2 64.1 66.7 37.1 3.36/Yes

YOLOv7-tiny (S) 73.9 52.4 61.3 62.7 30.7 4.12/Yes

FGD [30] 73.3 (−0.6) 52.5 (+0.1) 61.2 (+0.1) 61.0 (−1.7) 29.3 (−1.4) 5.59/Yes

IRKD [6] 67.4 (−6.5) 57.3 (+4.9) 61.9 (+0.6) 63.6 (+0.9) 30.4 (−0.3) 8.02/Yes

GKD-BMFI [31] 66.5 (−7.4) 60.8 (+8.4) 63.5 (+2.2) 64.6 (+1.9) 32.0 (+1.3) 7.11/Yes

Ours 67.6 (−6.3) 59.7 (+7.3) 63.4 (+2.1) 65.0 (+2.3) 32.3 (+1.6) –

Tomato Leaf Diseases YOLOv7 (T) 82.6 75.2 78.7 74.3 44.2 2.33/Yes

YOLOv7-tiny (S) 75.2 77.7 76.4 75.2 47.2 2.12/Yes

FGD [30] 82.1 (+6.9) 72.6 (−5.1) 77.1 (+0.7) 73.3 (−1.9) 45.7 (−1.5) 2.11/Yes

IRKD [6] 76.6 (+1.4) 71.1 (−6.6) 73.7 (−2.7) 74.9 (−0.3) 47.0 (−0.2) 2.14/Yes

GKD-BMFI [31] 77.1 (+1.9) 73.5 (−4.2) 75.3 (−1.1) 72.9 (−2.3) 43.6 (−3.6) 2.00/Yes

Ours 74.0 (−1.2) 79.6 (+1.9) 76.7 (+0.3) 76.6 (+1.4) 45.2 (−2.0) –
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scenarios like bean plant pathology detection. The dataset-specific 

gains in precision and recall—as reflected in the unified F1 scores—

demonstrate that ACKD achieves an effective detection balance, mitigat­

ing both false positives (unnecessary treatment costs) and false negatives 

(disease propagation risks), thereby enhancing agricultural diagnostic 

utility across diverse disease patterns.

4.3.2 . Standardized McNemar’s test

To rigorously assess the statistical significance of our model’s perfor­

mance, we conduct the standardized McNemar’s test to compare ACKD 

with state-of-the-art models across the four datasets. Specifically, we ob­

tain the predictions from both our model and the comparison models, 

and then construct a 2 × 2 contingency table. Based on this table, we 

calculate the McNemar’s test statistic 𝑍 value. We set the significance 

level at 0.05, corresponding to a 𝑍 value of 1.96. We then compare the 

𝑍 values obtained in our experiments to determine the significance of 

the results. The 𝑍 value is defined as: 

𝑍𝑖𝑗 =
|𝑟𝑖𝑗 − 𝑟𝑗𝑖|
√

𝑟𝑖𝑗 + 𝑟𝑗𝑖
(12)

where 𝑟𝑖𝑗  represents the number of bounding boxes correctly detected 

by model 𝑖 but incorrectly detected by model 𝑗.
As shown in the last column of Table 2, the 𝑍 values from McNemar’s 

test are greater than 1.96. This indicates that the results obtained 

from ACKD and the other models are statistically different at the 95% 

confidence level.

4.3.3 . Quantitative analysis for disease categories

Table 3 presents the mAP@0.5 scores for individual disease cate­

gories across the four datasets. ACKD demonstrates consistent supe­

riority in fine-grained disease recognition, achieving optimal or near-

optimal performance in the majority of categories. Notably, it surpasses 

the teacher model in challenging cases such as strawberry angular leaf 

spot (97.5% vs. 95.9%) and tomato late blight (92.8% vs. 86.1%), 

indicating effective capture of discriminative features for subtle mor­

phological patterns.

Furthermore, the compared methods exhibit high variance across 

categories. For instance, FGD excels in nitrogen deficiency, whereas it 

degrades substantially in angular leaf spot. IRKD yields significant gains 

in leaf mold yet suffers severe drops in black spot. GKD-BMFI improves 

anthracnose fruit rot detection while exhibiting degradation in powdery 

mildew fruit. In contrast, ACKD elevates mAP@0.5 in all categories ex­

cept black spot, demonstrating robust knowledge transfer across diverse 

disease patterns. These results confirm that ACKD’s gains generalize 

consistently across disease categories, validating its applicability for 

comprehensive crop health monitoring systems.

Under weak teacher scenarios, as exemplified by the Tomato Leaf 

Diseases dataset, ACKD further demonstrates its robustness. In early 

blight and target spot—where the student baseline surpasses the teacher 

(82.1% vs. 81.4% and 76.4% vs. 65.9%, respectively)—ACKD maintains 

comparable performance (81.1% and 76.4%), whereas the compared 

methods suffer notable degradation. This stability underscores ACKD’s 

capability to preserve valid knowledge even when teacher models are 

suboptimal.

4.3.4 . Efficiency and generalization capability of ACKD

To assess the generalization capability of the ACKD algorithm, we 

conduct experiments on four disease categories: angular leaf spot, bean 

rust, late blight, and target spot. Angular leaf spot and late blight serve as 

cross-dataset categories, appearing across the Strawberry Diseases and 

Bean Plant Pathologies datasets, and the Tomato-Village and Tomato 

Leaf Diseases datasets, respectively. Bean rust and target spot are eval­

uated as single-dataset categories within the Bean Plant Pathologies 

and Tomato Leaf Diseases datasets exclusively. This design validates the 

algorithm’s performance under varying conditions.

As shown in Table 4, ACKD consistently surpasses teacher mod­

els while matching or exceeding student baselines in mAP@0.5. For 

cross-dataset categories, ACKD achieves superior precision and com­

prehensive detection accuracy despite marginal recall trade-offs. For 

single-dataset categories, it maintains strong performance in primary 

metrics, with favorable precision–recall balance. These patterns confirm 

robust generalization across diverse agricultural settings.

Given the encouraging results across various disease categories, we 

further assess the versatility of the ACKD algorithm by integrating it into 

different object detection frameworks. Specifically, we conduct experi­

ments using the YOLOv7 and RetinaNet frameworks on the Strawberry 

Disease dataset. As shown in Table 5, ACKD consistently achieves 

the highest mAP@0.5 across all frameworks, surpassing both student 

baselines and competing methods. Notably, ACKD achieves the high­

est performance for both YOLOv7-tiny and YOLOv7-ResNet50, despite 

their differing backbones but shared detection framework. Similarly, 

ACKD leads in mAP@0.5 for both YOLOv7-ResNet50 and RetinaNet-

ResNet50, which share the same backbone but employ distinct detection 

Table 3 

Quantitative analysis of ACKD and three alternative methods on mAP@0.5 for disease categories in four datasets (%).

Dataset Disease Category Teacher (YOLOv7) Student (YOLOv7-tiny) ACKD FGD IRKD GKD-BMFI

Strawberry Diseases angular leaf spot 95.9 95.5 97.5 92.2 94.9 89.4

anthracnose fruit rot 88.2 80.9 85.2 83.1 85.9 87.1

calcium deficiency leaf 92.8 92.6 92.6 92.1 92.5 90.2

gray mold 91.9 88.5 90.0 93.6 88.3 89.3

leaf spot 94.0 89.7 93.2 90.0 92.7 85.8

powdery mildew fruit 90.3 87.7 87.9 85.7 88.5 84.8

powdery mildew leaf 91.1 89.1 89.3 88.6 89.5 87.1

Tomota- Village late blight 97.9 89.1 91.6 91.6 90.9 90.5

leaf miner 97.2 80.1 82.4 81.9 79.4 80.5

magnesium deficiency 98.8 91.4 92.9 93.1 92.6 92.3

nitrogen deficiency 97.7 87.4 92.5 93.0 90.9 92.6

potassium deficiency 99.6 83.3 86.8 84.5 82.7 84.3

spotted wilt virus 98.8 87.7 90.1 89.8 88.7 89.5

Tomato Leaf Diseases bacterial spot 74.5 68.3 74.5 74.5 68.3 74.5

black spot 65.7 62.7 59.1 62.4 55.9 59.0

early blight 81.4 82.1 81.1 77.3 75.4 78.6

late blight 86.1 91.9 92.8 92.3 92.5 88.8

leaf mold 46.8 45.5 46.0 32.5 55.3 45.7

target spot 65.9 76.4 76.4 74.5 77.1 63.9

Bean Plant Pathologies angular leaf spot 71.4 64.7 75.9 62.7 67.9 68.1

bean rust 62.1 59.5 62.3 59.3 59.3 61.1
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Table 4 

Performance and generalization of ACKD on four categories (%).

Disease Category Model P R mAP@0.5 mAP@0.5:0.95

angular leaf spot ACKD 74.6 69.9 75.9 43.9

YOLOv7 (T) 65.0 70.0 71.4 41.2

YOLOv7-tiny (S) 72.9 56.0 64.7 32.1

bean rust ACKD 70.1 55.8 62.3 31.2

YOLOv7 (T) 67.4 54.4 62.1 33.1

YOLOv7-tiny (S) 74.9 48.7 59.5 29.3

late blight ACKD 86.5 88.7 92.8 73.9

YOLOv7 (T) 77.3 93.8 86.1 66.1

YOLOv7-tiny (S) 86.0 93.1 91.9 72.7

target spot ACKD 72.7 83.3 76.4 32.2

YOLOv7 (T) 54.5 83.3 65.9 35.5

YOLOv7-tiny (S) 71.4 83.3 76.4 32.2

Table 5 

Detection performance (%), model sizes (M), and inference speed (FPS) of tested 

frameworks on the Strawberry Diseases Dataset.

Method P R F1 

Score

mAP@ 

0.5

mAP@ 

0.5:0.95

Parameters FPS

YOLOv7 (T) 88.2 84.9 86.5 91.9 71.0 36.51 134.1

YOLOv7-tiny (S) 84.5 81.5 83.0 87.9 65.6 6.03 199.2

FGD [30] 86.0 82.8 84.4 88.7 64.7 6.19 194.5

IRKD [6] 84.3 85.9 85.1 90.3 66.0 6.20 195.5

GKD-BMFI [31] 85.2 81.0 83.0 87.7 65.2 6.19 197.4

Ours 89.6 81.0 85.1 90.7 66.0 6.82 194.9

YOLOv7-ResNet101 (T) 86.6 77.7 81.9 86.2 64.7 67.40 69.2

YOLOv7-ResNet50 (S) 84.3 78.2 81.1 85.0 63.2 48.41 99.9

FGD [30] 86.0 78.3 82.0 85.2 63.2 48.57 97.7

IRKD [6] 87.0 76.4 81.4 85.4 63.3 48.58 98.5

GKD-BMFI [31] 85.7 78.2 81.8 85.2 63.3 48.57 98.2

Ours 86.5 77.9 82.0 85.7 63.5 49.20 96.9

Retina-ResNet101 (T) 85.6 81.3 83.4 86.6 67.5 57.40 76.3

Retina-ResNet50 (S) 85.8 71.7 78.1 83.4 60.8 34.01 120.6

FGD [30] 82.5 77.5 79.9 84.8 62.2 34.17 118.9

IRKD [6] 87.1 75.3 80.8 85.0 62.7 34.18 115.4

GKD-BMFI [31] 81.2 77.9 79.5 83.3 60.2 34.17 119.8

Ours 82.5 77.7 80.0 85.5 63.5 34.80 114.3

frameworks. These findings confirm that the performance of ACKD is 

invariant to the choice of detection framework or backbone, thereby 

highlighting its broad applicability and effectiveness.

ACKD achieves substantial parameter reduction with no degrada­

tion in F1 scores or mAP values, maintaining model sizes and inference 

speeds comparable to those of lightweight student baselines while re­

ducing parameters by up to 81.3% and improving throughput by at least 

40.0% relative to heavyweight teachers. This synthesis of model com­

pactness and computational efficiency validates that ACKD enhances 

detection accuracy without sacrificing real-time performance, render­

ing it ideally suited for resource-constrained agricultural applications, 

such as mobile or embedded systems, where high accuracy and low 

computational overhead are essential.

4.3.5 . Interpreting visual results

Figs. 7  to 10 present activation heat maps for the four crop disease 

benchmarks, validating the quantitative analysis and demonstrating 

ACKD’s consistent knowledge transfer. The first column shows ground 

truth with diseased areas marked in red, while columns two through 

seven display Grad-CAM-generated heat maps for different models. 

These maps vividly indicate the diseased regions the models target, 

underscoring the challenges in detecting small, crowded, and overlap­

ping diseases in agricultural settings. For example, the fifth row of 

Fig. 7 shows an image with three disease categories, where much of 

the infected area is substantially overlapped or intersected.

In complex agricultural settings, ACKD effectively identifies diseases 

by focusing on salient regions, as demonstrated by its detection of small 

disease objects like bacterial spot, black spot, early blight, and leaf mold 

in the Tomato Leaf Diseases Dataset (Fig. 8). ACKD’s pixel-wise atten­

tion mechanism, which uses gradients to distinguish and localize the 

most salient pixels within small, overlapping disease areas, significantly 

contributes to its outstanding performance in detecting subtle diseases.

Furthermore, ACKD excels at detecting medium to large disease 

objects, such as angular leaf spot and bean rust in the Bean Plant 

Pathologies Dataset, as shown in Fig. 10. It surpasses the teacher model 

in specific instances, including row 1 of Fig. 9, rows 2 and 6 of Fig. 8, 

and rows 3, 5, and 7 of Fig. 10. This superior performance is attributed 

to ACKD’s ability to minimize noisy pixel interference and focus intently 

on foreground diseased regions.

Overall, comparative analysis and visualization across the four 

datasets demonstrate that ACKD consistently improve the student 

model’s performance. This improvement is attributed to its novel 

attention-based and context-aware approach, which identifies salient 

and discriminative regions within feature maps and employs pixel-wise 

attention based on gradients. The integration of spatial and channel-

wise attention with the GcBlock module enhances the model’s precision 

in identifying disease areas of varying sizes. These capabilities ren­

der ACKD a promising solution for broad application in agricultural 

practices, particularly in detecting disease objects of different sizes.

4.4 . Ablation analysis

Ablation experiments are conducted on the Strawberry Diseases 

Dataset to evaluate the impact of pixel-wise attention (PA), spatial at­

tention (SA), channel-wise attention (CA), GcBlock, and the distillation 

temperature 𝜏.

4.4.1 . Impact of PA, SA, CA, and GcBlock

To systematically assess attention mechanisms, individual and com­

bined effects are evaluated. As shown in Table 6, GcBlock and SA provide 

the most substantial individual gains in mAP@0.5, followed by PA and 

CA. Combination strategies outperform isolated mechanisms, with full 

integration (PA+SA+CA+GcBlock) achieving optimal accuracy. Other 

combinations (PA+CA, SA+CA+GcBlock) also demonstrate improve­

ments, validating multi-mechanism benefits. These accuracy gains incur 

varying computational costs: PA and SA emerge as primary contrib­

utors to training time (approximately 19.2% increase), while CA and 

GcBlock impose modest overheads (approximately 11.5% and 15.4%, 

respectively). Notably, memory consumption remains stable across all 

configurations, with the full integration requiring merely 0.9 GB addi­

tional GPU memory, representing a 3.5% increase over the baseline.

In summary, attention mechanisms substantially enhance distillation 

efficacy with manageable resource overhead. Multi-component integra­

tion proves more effective than isolated modules, aligning with findings 

in Refs. [6,30,31] and validating the advantages of diverse attention 

strategies for optimizing model performance.

4.4.2 . Impact of the distillation temperature 𝜏
Table 7 reveals that ACKD’s performance exhibits sensitivity to the 

temperature hyperparameter 𝜏. Optimal balance across evaluation met­

rics is achieved at 𝜏 = 0.8, where the model attains peak mAP@0.5:0.95, 

despite marginally lower mAP@0.5 compared to 𝜏 = 0.5. This configu­

ration yields the most robust detection performance, effectively opti­

mizing the precision–recall trade-off while maximizing comprehensive 

localization accuracy.

Notably, 𝜏 = 0.8 demonstrates particular efficacy in small object de­

tection, as evidenced by substantial improvements in both APs (15.0%) 

and ARs (90.0%) compared to other settings where small-object metrics 

remain at zero. This marked enhancement in fine-grained feature dis­

crimination underscores the critical role of temperature calibration 

for detecting subtle pathological patterns. Consequently, 𝜏 = 0.8 is 

recommended as the default configuration for achieving balanced, 

high-performance detection in practical agricultural applications.
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Fig. 7. Visualization of representative images from the tomato-village dataset.

Fig. 8. Visualization of representative images from the tomato leaf diseases dataset.
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Fig. 9. Visualization of representative images from the Strawberry Diseases Dataset.

Fig. 10. Visualization of representative images from the bean plant pathologies dataset.
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Table 6 

Impact of PA, SA, CA, and GcBlock on detection metrics (%) and computational overhead (time/epoch and GPU memory) for Strawberry Diseases 

Dataset.

Student (YOLOv7-tiny) Attention combination P R F1 score mAP@0.5 mAP@0.5:0.95 Time/Epoch (s) GPU memory (GB)

✓ – 84.5 81.5 83.0 87.9 65.6 26.0 25.7

✓ PA 87.4 82.1 84.7 88.8 66.3 31.0 25.6

✓ SA 87.8 82.2 84.9 89.5 68.2 31.0 25.6

✓ CA 87.1 80.7 83.8 88.1 67.5 29.0 26.0

✓ GcBlock 87.8 80.7 84.1 89.6 67.6 30.0 26.0

✓ PA+SA 85.8 83.7 84.7 89.2 68.0 31.0 26.0

✓ PA+CA 84.6 85.6 85.1 90.0 68.5 30.0 25.6

✓ PA+GcBlock 86.4 82.3 84.3 89.5 67.2 31.0 25.8

✓ SA+CA 85.5 84.2 84.8 89.7 68.2 31.0 26.4

✓ CA+GcBlock 87.4 82.5 84.9 89.7 68.2 31.0 26.5

✓ PA+SA+CA 88.3 82.9 85.5 89.5 67.7 31.0 27.0

✓ PA+SA+GcBlock 89.1 81.3 85.0 89.8 67.3 31.0 26.5

✓ PA+CA+GcBlock 86.4 83.2 84.8 88.3 67.9 32.0 25.8

✓ SA+CA+GcBlock 87.1 81.9 84.4 90.0 68.2 31.0 26.5

✓ PA+SA+CA+GcBlock 89.6 81.0 85.1 90.7 66.0 32.0 26.6

Table 7 

Ablation experiments for temperature hyperparameter (%).

𝜏 P R F1 score mAP@0.5 mAP@0.5:0.95 APs APm APl ARs ARm ARl

0.2 86.8 84.6 85.7 89.5 67.1 0 51.7 71.4 0 70.7 79.5

0.3 85.6 83.6 84.6 89.8 67.7 0 44.8 71.8 0 70.1 79.1

0.4 84.8 84.8 84.8 89.2 68.0 0 42.3 71.9 0 67.0 80.4

0.5 89.6 81.0 85.1 90.7 66.0 0 48.8 69.0 0 72.5 70.9

0.6 87.1 81.4 84.2 89.7 67.6 0 55.8 71.6 0 71.2 79.6

0.7 87.4 82.2 84.7 89.1 67.9 0 49.6 72.0 0 69.0 79.6

0.8 87.3 83.6 85.4 90.1 68.5 15.0 46.6 72.7 90.0 68.0 80.4

0.9 83.8 85.4 84.6 89.9 68.0 0 45.9 72.5 0 70.9 80.4

Table 8 

Testing results of our proposed method under varying standard deviations (SDs) of Gaussian noise on the strawberry diseases dataset (%).

Method SDs P R mAP@0.5 mAP@0.5:0.95 APs APm APl ARs ARm ARl

Teacher YOLOv7 0 88.2 84.9 91.9 71.0 90.0 59.6 74.2 90.0 72.2 82.6

2 89.4 84.9 91.6 70.8 80.0 57.5 74.2 80.0 71.7 81.7

4 89.6 83.3 91.1 70.2 80.0 59.4 73.2 80.0 70.9 80.7

6 87.9 82.9 89.7 68.7 45.0 53.4 72.2 90.0 67.1 80.3

8 88.3 76.1 85.7 66.0 10.0 49.9 68.9 80.0 64.9 78.8

Student YOLOv7-tiny 0 84.5 81.5 87.9 65.6 0.0 42.1 69.0 0.0 69.0 79.6

2 87.6 78.8 89.6 64.7 3.2 42.2 68.4 70.0 67.0 79.4

4 82.5 81.7 88.2 63.5 7.0 40.4 67.6 70.0 67.1 78.4

6 85.5 75.7 86.2 61.8 0.0 38.1 65.8 0.0 66.9 77.9

8 80.4 74.0 81.6 57.7 0.0 33.5 61.2 0.0 63.0 75.4

FGD [30] 0 86.0 82.8 88.7 64.7 0.0 45.3 68.1 0.0 70.5 78.2

2 85.1 83.9 89.2 66.2 0.0 50.3 69.6 0.0 70.2 79.1

4 85.9 82.4 88.6 64.8 0.0 47.9 68.8 0.0 69.1 78.8

6 85.0 76.3 86.7 62.7 0.0 38.6 66.2 0.0 68.8 76.1

8 79.3 76.2 83.1 59.5 0.0 35.3 63.0 0.0 66.6 74.6

IRKD [6] 0 84.3 85.9 90.3 66.0 5.5 52.7 69.7 60.0 72.2 79.1

2 88.5 82.2 90.5 65.9 0.0 53.1 69.8 0.0 71.7 79.2

4 82.7 84.7 89.3 65.1 3.7 50.3 68.8 60.0 67.7 78.5

6 83.4 81.1 87.4 63.0 0.0 49.5 67.0 0.0 68.1 77.3

8 80.9 75.6 83.0 59.0 0.0 37.0 63.0 0.0 62.9 75.4

GKD-BMFI [31] 0 85.2 81.0 87.7 65.2 0.0 38.8 69.6 0.0 59.5 79.7

2 85.7 78.3 86.7 64.6 0.0 39.6 68.7 0.0 59.3 79.0

4 86.9 76.7 85.7 63.3 0.0 44.7 67.7 0.0 58.8 78.5

6 86.9 73.5 83.9 61.3 0.0 37.0 65.7 0.0 56.8 77.3

8 83.0 71.2 80.9 58.2 0.0 33.4 62.4 0.0 61.9 76.0

Ours 0 89.6 81.0 90.7 66.0 0.0 48.8 69.0 0.0 72.5 70.9

2 83.1 85.3 90.2 65.5 0.0 47.0 68.6 0.0 71.7 78.3

4 90.1 78.7 89.5 64.6 0.0 44.8 67.7 0.0 72.0 77.8

6 86.9 79.7 86.7 63.0 0.0 45.5 67.2 0.0 67.0 78.0

8 82.9 77.9 83.2 60.5 0.0 40.4 64.3 0.0 67.5 77.2

4.5 . Robustness analysis

To evaluate the robustness of our method, we conduct experiments 

with varying levels of Gaussian noise, a common type of real-world dis­

turbance. The standard deviation (SD) is used to quantify the noise level.

As shown in Table 8, ACKD maintains robust detection perfor­

mance under progressive Gaussian noise corruption. At the maximum 

tested intensity (SD = 8), the model retains mAP@0.5 at 83.2% and 

mAP@0.5:0.95 at 60.5%, representing degradations of merely 7.5% and 

5.5% from clean input performance, respectively. This stability indicates 
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effective preservation of feature discriminability despite significant 

pixel-level perturbations.

In contrast, the student baseline and competing distillation methods 

exhibit substantially sharper accuracy decay, suffering mAP@0.5:0.95 

reductions up to 7.9%, whereas ACKD limits degradation to 5.5%. While 

heavyweight teachers and FGD demonstrate comparable resilience, 

ACKD achieves this robustness with significantly fewer parameters, vali­

dating its efficiency for resource-constrained deployments. These results 

confirm the superior robustness of ACKD against input disturbances, 

ensuring reliable detection performance in challenging agricultural 

environments with noisy imaging conditions.

5 . Conclusion

This paper introduces a novel attention-based and context-aware 

knowledge distillation (ACKD) approach for accurate crop disease de­

tection. ACKD integrates attention and context distillation, enabling 

the student model to identify salient diseased regions even in com­

plex agricultural settings accurately. By employing a pixel-wise attention 

mechanism based on gradients, ACKD assigns varying weights to pixels 

based on their contribution to the training loss, differing from traditional 

methods that uniformly distribute weights across channels. The results 

confirm ACKD as a significant advancement in crop disease detection, 

providing a more sophisticated and effective approach for identifying 

diseases in agricultural settings. Specifically, its lightweight architec­

ture enables deployment on unmanned aerial vehicles (UAVs) and edge 

devices for real-time, large-scale field monitoring.

Future work in this domain could concentrate on the following piv­

otal objectives. First, integrating ACKD with IoT devices in precision 

agriculture is crucial for facilitating rapid deployment and establishing 

a comprehensive monitoring and management system. Second, develop­

ing an explainable knowledge distillation would enhance transparency, 

enabling farmers to understand the model’s rationale for disease de­

tection and its basis for treatment recommendations. Third, advancing 

UAV-deployable ACKD systems with multi-modal aerial surveillance and 

enhanced robustness to real-world perturbations, such as motion blur 

and dynamic illumination variations, is essential for scalable automated 

agricultural assessment.
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