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Mandarin orange is a popular fruit in China and known worldwide for its unique flavor and nutritional 
benefits. As consumer demand for fruit quality increases, the fine assessment and grading of fruit 
sweetness—especially through non-destructive testing techniques—are becoming increasingly 
important in agriculture and commerce. In this paper, a new Attention for Orange (AO) attention 
mechanism and Multiscale Feature Optimization (MFO) feature extraction module are designed and 
combined with VGG13 convolutional neural network (CNN), innovatively proposed VGG-MFO-Orange 
CNN model for accurately classifying mandarin oranges with different sweetness. First, a sample of 
Linhai mandarin oranges was collected, and a sweetness triple classification dataset with 5022 images 
was formed, utilizing image acquisition and sugar detection. The proposed model was then trained 
against six influential classical CNN models: DenseNet121, MobileNet_v2, ResNet50, ShuffleNet, 
VGG13, and VGG13_bn. The experimental results showed that our model achieved an accuracy 
of 86.8% on the validation set, which was significantly better than the other six models. It also 
demonstrated excellent generalization ability and effectiveness in predicting the sweetness of Linhai 
mandarin oranges. Therefore, our model can provide an efficient means of fruit grading for agricultural 
production, contribute to agricultural modernization, and enhance the competitiveness of agricultural 
products in the market.
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Linhai mandarin orange, cultivated along the southeast coast of Zhejiang Province, is an important agricultural 
product with an annual output of up to 300,000 tons. It has been granted China’s National Geographical 
Indication for Agricultural Products due to its distinctive quality1. The development of rapid and efficient quality 
testing techniques is essential for controlling the quality of mandarin oranges, meeting consumer demand for 
quality fruits, and promoting local agricultural economies. (Supplementary information).

Previous research on fruit quality testing has focused on both intrinsic and external characteristics. Intrinsic 
characterization indicators, such as nutrient content, moisture content, ripeness, drug residues, and internal 
lesions, are critical to assessing fruit quality2. Techniques like Near Infrared Spectroscopy have been widely 
used to determine soluble solids content, acidity, sugar and moisture content in fruits3–5. Other methods, such 
as Hyperspectral Imaging6, Mass Spectrometry7,8, Liquid chromatography9,10, and Gas Chromatography-Mass 
Spectrometry11 have shown promise for assessing internal qualities and identifying organic compounds. In 
addition, methods such as Nuclear Magnetic Resonance12, ultrasonic13, and X-ray14 can also be realized to 
accurately detect intrinsic characteristics of fruits. Although these methods can provide accurate and detailed 
measurements, they often involve high equipment costs, frequent calibration, and complex data analysis, which 
limits their practical application in large-scale fruit quality assessment.

In contrast, external quality inspection methods focus on visual characteristics, such as color, texture, size, 
and shape, as well as damage, decay, and disease, to evaluate fruit quality during harvesting and grading15,16. 
However, manual visual inspection remains the most common method despite its high cost, low efficiency and 
susceptibility to human error17,18.

Sweetness is an important factor in determining the quality of fruits and in addition to some of the previously 
mentioned methods in the literature, some new techniques, as, Fourier Transform Infrared Spectroscopy19, 
Enzyme Biosensor20, Nuclear Magnetic Resonance21, Mathematical model construction22,23, are also used 
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for sweetness detection of fruits. In recent years, Computer/Machine Vision and Artificial Intelligence (AI) 
techniques have been extensively studied for crop quality assessment, Such as quality inspection of agricultural 
products24–26, identification of crop diseases and pests27–30, and so on. Meanwhile, research on these techniques 
for fruit brix detection has also progressed, Yu et al.31 developed a deep learning method combining Stacked 
Auto-Encoders and Fully Connected Neural Network (CNN) for predicting the soluble solids content of Kuril 
balsam pear. Liu et al.32 optimized a multivariate calibration model for non-destructive testing of avocado 
sugar content using synergy interval partial least squares-competitive adaptive reweighted sampling method. 
Munawar et al.33 focused on the performance of three different regression methods, least squares regression 
model, Support Vector Machine Regression and Artificial Neural Network, for predicting the total acidity of 
mango was investigated. Nguyen et al.34 implemented a predictive model for the total acidity of mango using a 
Random Forest classifier was implemented to accurately classify the sweetness of mango. In the above work, the 
researcher measured the soluble solids content and classified the samples into different sweetness levels based 
on their content, which in turn enables the correlation between the sugar content of the samples and the colour 
image data, which is a commonly used approach in the detection of image inspection of agricultural products35.

To summarize, these advancements, however, have not yet been applied to Linhai mandarin oranges, and the 
existing models are often not tailored for specific fruit types or environmental conditions. Therefore, this paper 
aims to explore CNN specifically for predicting the sweetness of Linhai mandarin oranges. By collecting samples 
of Linhai mandarin oranges to construct a dataset that is images and sugar content related, this paper aims to 
propose a new CNN model and detection method that enables accurate, efficient, and cost-effective sweetness 
detection, achieving the possibilities for large-scale quality assessment of Linhai mandarin oranges.

The main objectives and contributions of this paper are as follows:

	(1).	 Taking the Linhai mandarin orange produced in Linhai City, a city on the southeast coast of China, as a 
case study, 1,000Linhai mandarin orange were collected in the field to form a dataset with 5,022 images and 
classified into five categories according to the percentage of sugar concentration.

	(2).	 The Attention for Orange (AO) attention mechanism model is innovatively proposed to capture the details 
of orange features.

	(3).	 Based on the AO attention mechanism module, the Multiscale Feature Optimization (MFO) module is 
innovatively proposed, aiming to further enhance the capability of capturing information and details of 
oranges from the spatial dimension.

	(4).	 The proposed AO and MFO modules were applied to the improvement of the VGG13 to obtain the VGG-
MFO-Orange network model, which resulted in a citrus sweetness prediction accuracy of 86.8%.

Related works
Convolutional neural networks
A CNN is a neural network architecture built for image processing, especially for recognition and classification 
tasks36–38. CNNs are characterized by their ability to automatically learn discriminative, robust features 
directly from image data without the need for human-engineered feature extraction. CNNs have been shown 
to outperform traditional feature engineering methods in distinguishing plant species and diagnosing plant 
diseases39,40. A typical CNN architecture consists of three layers: a convolutional layer, a pooling layer, and a 
classification layer41. Typically, CNNs have fewer parameters compared to traditional neural networks of the 
same size, which results in superior model performance.

Attention mechanisms
There are three main types of attention mechanisms: channel attention, spatial attention, and the fusion of these 
two forms. After an image is processed by CNN, important features are retained in each layer. Accurate feature 
parameter calculation is an important step in deep learning, and the attention mechanism can accurately weight 
the data features to help the model filter out key information from a large amount of data, thus improving 
performance. Currently commonly used attention mechanisms are:

	(a)	 Squeeze-and-excitation modules42, which optimize feature extraction by dynamically adjusting channel 
weights using global average pooling and two-layer fully-connected networks, thus solving the problem of 
uneven information weights between channels;

	(b)	 Combining channel attention and spatial attention through global average pooling and maximum pooling, 
as well as one-dimensional and two-dimensional convolutional operations, to dynamically adjust the chan-
nel and spatial dimensional feature weights, thus optimizing the feature expression of the convolutional 
block attention module 43.

	(c)	 Efficient channel attention modules, which efficiently implement the channel attention mechanism through 
one-dimensional convolution to reduce information loss and decrease the parameter scale, thus adaptively 
adjusting the feature mapping channel weights44.

Feature extraction
Feature extraction is a key step in deep learning and image processing. It aims to capture and distill key pieces 
of information from the original data to construct a feature space that can effectively express the attributes 
of the data. In CNNs, feature extraction is mainly implemented through convolutional layers, which utilize 
multiple filters to capture different features in the image, such as edges, corner points, etc.; in addition, the 
spatial dimension of the feature map is reduced by a pooling layer to enhance the robustness of the features45,46. 
Eventually, a fully connected layer integrates these features to provide output for classification or decision-
making tasks.
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VGGNet
VGGNet47 is a convolutional neural network developed by the Visual Geometry Group at the University of 
Oxford. It employs a cascaded network structure by using small 3 × 3 convolutional filters and introducing a 
pooling layer after every 2 to 3 convolutional layers. VGGNet usually consists of 16 or more convolutional, 
pooling and fully connected layers, such as in the classical VGG16 and VGG19 models.

In this paper, advanced deep learning techniques to enhance the prediction of citrus sugar content is 
integrated. The attention mechanism improves feature selection by dynamically adjusting the importance of 
key features such as the peel’s texture and color. Multiscale feature optimization (MFO) captures information 
at various scales, enabling the model to better understand and utilize the diverse features of the citrus peel. 
The VGG13 model, with its robust feature extraction capabilities and the benefit of transfer learning, serves 
as a strong foundation for these enhancements. By combining these methods, to create a model for achiving 
effectively captures and fuses key features to improve prediction accuracy and model performance.

Material and methods
Overview
To integrate a convolution neural network model with non-destructive testing technology for accurately 
predicting the sugar content of Linhai mandarin oranges, this paper begins with dataset collection, including 
images collection of Linhai mandarin oranges and its sugar content measurements. Feature extraction, model 
training, and validation are subsequently conducted with multiple network architectures, including both classical 
and the proposed model. This is followed by comprehensive model testing and performance comparison to 
evaluate the effectiveness of the proposed model against classical models. Finally, the sugar content prediction 
ability of the proposed model is detailed discussed from the perspective of convolution visualization. The flow 
diagram of this paper is shown as Fig. 1.

Data description
As a case study, 1000 Linhai mandarin oranges were randomly sampled from orchards in Xicen Village, Yanjiang 
Town, Linhai City, which is well-known as the main mandarin-producing area in the southeast coastal region 
of China. All the mandarin orange samples were then transported to the visual inspection laboratory of Taizhou 
College. Losses during transportation were removed, resulting in 990 samples, and then all the mandarin oranges 
were numbered sequentially. It should be noted that all data collection for these samples was completed within 
24 h to avoid the influence of time variation on the experimental results.

The mandarin image acquisition process is shown in Fig. 2. Prior to data collection, the image acquisition 
system, shown in Fig. 2b, was started and run for one hour to ensure stability of the lighting and experimental 
equipment. Image acquisition was performed on all the mandarin oranges using a camera (MV-CE200-
10UC, Hangzhou Hikvision Digital Technology Co., Ltd, 5184 × 3456 pixels). During the acquisition process, 
the mandarin oranges were manually placed under the camera one by one in random orientations with the 
umbilicus facing upwards to demonstrate the various possible poses when grading the fruits.

The sugar content testing of mandarin oranges was subsequently carried out. Specifically, five segments of 
each mandarin orange were randomly selected and placed into a mortar and pestle, and after grinding, filtering, 
and obtaining the juice, the refractive index of the juice containing soluble solids was measured using an Abbe 
refractometer (WYA-2WAJ, Shanghai Precision Scientific Instruments Co., Ltd, with sugar content detection 
range 0–95%, accuracy 0.25%) so as to indirectly obtain the percentage of sugar concentration of the Linhai 
mandarin oranges. Five replicate measurements were carried out on the juice of each sample collected. After 
removing the maximum and minimum values using the trimmed mean method, the average of the remaining 
determinations was calculated; the results obtained are shown in Table 1. The obtained image samples were 

Fig. 1.  Flow diagram of this paper.
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classified into three categories according to the sugar levels “less 10” (signifying sugar content of less than 10%), 
“10–12” (sugar content of 10–12%), and “over 12” (sugar content of greater than 12%), as shown in Fig. 2c, which 
served as the basis for the classification of the quality detection of the Linhai mandarin oranges.

In order to ensure the diversity of sample images and to avoid overfitting, we adopted an offline image 
augmentation method involving affine transformation, erasure, Gaussian blur, grayscale, horizontal flipping, 
rotation, and vertical flipping. The original image dataset was augmented, with an example of this augmentation 
shown in Fig. 3. After manually filtering and removing the invalid augmented images, the final numbers of “less 
10,” “10–12,” and “over 12” were 1500, 1642, and 1880, respectively. Finally, the pixel size of all the images was 
uniformly adjusted to 256 × 256 in preparation for CNN training.

Proposed model
Attention for orange (AO) model
In order to realize the CNN model for capturing the details of orange features, we first designed the Attention 
for Orange (AO) attention mechanism module. This mainly included Conv_block and LR_block. The specific 
design architecture is shown in Fig. 4, and the parameters are shown in the Table 2. Among them, Conv_block 
utilizes group convolution to process spatial information, and preserves local features and integrates channel 

Fig. 3.  Augmentation of the original Linhai mandarin orange image dataset.

 

Measured value range  ≤ 9 9–9.5 9.5–10 10–10.5 10.5–11 11–11.5 11.5–12 12–12.5 12.5–13  > 13

Sample size 6 15 54 148 235 274 164 66 20 8

Table 1.  The detected sugar content data of the collected 990 Linhai mandarin oranges.

 

Fig. 2.  Image data collection of Linhai mandarin oranges. (a) The well-known major production area of 
mandarin oranges in the southeastern coastal area of China. (b) Image acquisition system. (c) Subset of 
collected Linhai mandarin orange sample images.
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information through 3 × 3 convolution and 1 × 1 convolution, respectively. Meanwhile, LR_block uses fully 
connected layer degradation and ReLU to enhance nonlinear feature representation. Overall, the AO module 
combines the outputs of Conv_block and LR_block to fuse local and global features through element-level 
summation to improve computational efficiency and enhance detail attention.

In addition, to further enhance the ability to capture global information, the AO module was designed with 
a AdaptiveAvgPool mechanism that obtained the global average pooling result of the channel dimension and 
summed it with the output. The result was then transposed back to the original shape to sum with the output of 
the convolution, thus integrating global information.

A summary of the attention mechanism equation for the AO module is shown below:

	 AO(y) = AOgc(x) + (AOln(x) + AOlnx PAvg_pool(xT ))T � (1)

Among which xT  denotes permute, transpose, reconfigure, reshape; AOgc(·) represents the Conv_block result; 
AOln(·) represents the LR_block result; and PAvg_pool denotes adaptive pooling. AOln(·) can be expressed as:

	 AOln(y) = LR3(LR2(LR1(x)))� (2)

where LR consists of Linear and ReLU. LRi(·), i ∈ {1, 2, 3}.

Multiscale feature optimization (MFO) model
Based on the AO attention mechanism module, this work implemented a Multiscale Feature Optimization 
(MFO) module (Fig.  5). This involved segmenting and flipping the input feature maps, and then applying 

Name Layer type Input Output

LR_block

Linear 32 8

ReLU –

Linear 8 4

ReLU –

Linear 4 8

ReLU – Kernel Stride Padding Groups

Conv_block

G_Conv 32 32 (3, 3) 2 1 32/64/128/256

BatchNorm 32 32 –

Conv 32 32 (1, 1) 1 0 –

BatchNorm 32 32 –

ReLU –

Table 2.  Parameters of attention for orange (AO).

 

Fig. 4.  Attention for orange module.
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the AO module independently on the feature maps before and after flipping to enhance the capture of spatial 
information and object details. The processed feature maps were spliced in the channel dimension to recover the 
number of channels. Meanwhile, the residual information of the original feature maps was preserved by 1 × 1 
convolution and summed with the spliced feature maps. The final global feature aggregation was performed by 
average pooling operation. This design not only enhanced the robustness of the model to spatial variation, but 
also further improved the recognition of orange features through residual concatenation, optimizing the feature 
extraction effect of the CNN.

Specifically, in MFO module, the input features are divided into two pieces after the “Channels equal 
distribution operation”, and then the left and right pieces are diagonally flipped to obtain a total of four parts to 
be processed, which are then inputted into four OA modules respectively. It is worth noting that the G_Convs 
Groups of these four OA modules are set as 32, 64, 128 and 256 respectively, as shown in Table 2.

The feature calculation in MFO can be expressed as:

	
PAvg_pool

(
G_Conv (F eaturei) + concat

(
AO

(
F eature1

i

)
, AO

(
F eature2

i

)
,

AO
(
F eature3

i

)
, AO

(
F eature4

i

)
))

� (3)

where G_Conv is the group convolution residual. Its Groups take the same value as that of Groups in AO, and 
can be expressed as:

	

GroupsMFO (j) = GroupsAO (j) =





32 if j= 1
64 if j= 2
128 if j= 3
256 if j= 4

� (4)

VGG-MFO-orange model
The VGG-MFO-Orange model proposed in this paper is an innovative improvement involving the addition 
of our designed AO and MFO modules to the classic VGG13 architecture. While maintaining the original 
convolutional layer structure of VGG13, the model introduces Batch Normalization (BN) to enhance the 
generalization ability and training stability of the model. The network structure of the proposed model is shown 
in Fig. 6, and the network parameters are shown in Table 3.

Overall, four MFO modules were integrated into the model. These modules act on different layers of feature 
maps, which in turn enhance the extraction capability of recognizing key feature information. Meanwhile, 
in order to enrich the classification strategy, this study also introduced a new classifier, FC_new, which was 

Fig. 5.  Multiscale Feature Optimization module.
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combined with the existing FC_old, enabling the model to employ both traditional classification methods and 
cosine similarity-based classification methods. This comprehensive design strategy not only fully utilizes the 
depth and complexity of the VGG architecture, but also increases its competitiveness in image classification tasks 
through the introduced AOs, MFOs, and classifiers.

The flow of the model generated in this paper is shown below:

	 Merge = w
(
concat

(
PAvg_pool1 , PAvg_pool2 , PAvg_pool3 , PAvg_pool4 , PAvg

))
� (5)

The attentively weighted feature maps conv1_AO, conv2_AO, conv3_AO, and conv4_AO, and the globally 
averaged representation of the feature map averages, are spliced along the channel dimensions to obtain the 
fused feature map. The fused feature maps are then passed to the final convolutional layer, whose dimension is 
reduced from 992 to 512 to obtain the output feature map Merge:

	 W eigtted_Merge = PAvg + PAvg Merge� (6)

	 logist1 = F C(W eightted_Merge)� (7)

Through Eqs. (6) and (7), prediction result 1 is computed. Merge is operated with the earlier-obtained average, 
and the result is saved as a variable average; that is, average = average + average * Merge. Then, the result average 
is spread as a one-dimensional vector and passed to the classifier for prediction to obtain result 1.

	 F C′ = σ(F C(·)W eight)� (8)

	 log ist2 = F C′(σ(Merge)), σ(·) → Normalize� (9)

Through Eqs. (8) and (9), prediction result 2 is computed. The L2-paradigm normalization is directly performed 
on the feature map Merge, and then the normalized feature vectors are passed to the linear classifier to obtain 
the classification prediction result 2.

Finally, the cross-entropy loss of the computed result 1 with label is computed using Eq. (10) to obtain FC_
new. The cross-entropy loss of the computed result 2 with label is computed using Eq. (11) to obtain FC_old:

	 F Cold = LCE(log ist1, label)� (10)

	 F Cnew = LCE(log ist2, label)� (11)

where LCE() is the cross entropy. The proportion of F Cnew  and F Cold in the final categorization result is 
represented by Eq. (12):

	 F Ctotal = 0.8 × F Cnew + 0.2 × F Cold� (12)

Fig. 6.  Network structure diagram of the proposed model.
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Experimental results and analysis
Experimental configurations
The model described in this paper was trained and validated in the environment shown in Table 4, and the 
experimental parameters of the network model were set as shown in Table 5.

Experiments on the Linhai mandarin orange image dataset
Based on the work in Sect. 3.2, the expanded Linhai mandarin orange image dataset was divided into a training 
set and a validation set in a 7:3 ratio. To further validate the effectiveness of the proposed method, six influential 
CNNs, namely DenseNet121, MobileNet_v2, ResNet50, ShuffleNet, VGG13, and VGG13_bn, were considered 
in comparison experiments.

The training and validation loss curves during the experiment are shown in Figs. 7 and 8, in which a significant 
difference in the performance of these models within 100 epochs can be seen. On the training loss curves, 
the loss values of all models decreased rapidly, indicating that these models fit better on the training dataset. 
However, as can be seen from the validation loss curve, the validation loss did not decrease as steadily as the 
training loss. There were even marked fluctuations and rises in some models (e.g., DenseNet121, ResNet50, and 
VGG13), suggesting that there may have been overfitting in them. The model presented in this paper exhibited 
a rapid decline and smooth final loss values in both the training and validation loss curves, indicating that the 
network, with good learning ability, could better adapt to our dataset. In contrast, the validation loss curves of 

Block name Layer Input Output Kernel Stride Padding

CBR_1

Conv 1_1 3 64 (3, 3) 1 1

BatchNorm 1_1 64 64 – – –

ReLU 1_1 –

Conv 1_2 64 64 (3, 3) 1 1

BatchNorm 1_2 64 64 – – –

ReLU 1_2 –

MaxPool 1 – – (2, 2) 2 0

CBR_2

Conv 2_1 64 128 (3, 3) 1 1

BatchNorm 2_1 128 128 – – –

ReLU 2_1 –

Conv 2_2 128 128 (3, 3) 1 1

BatchNorm 2_2 128 128 – – –

ReLU 2_2 –

MaxPool 2 – – (2, 2) 2 0

CBR_3

Conv 3_1 128 256 (3, 3) 1 1

BatchNorm 3_1 256 256 – – –

ReLU 3_1 –

Conv 3_2 256 256 (3, 3) 1 1

BatchNorm 3_2 256 256 – – –

ReLU 3_2 –

MaxPool 3 – – (2, 2) 2 0

CBR_4

Conv 4_1 256 512 (3, 3) 1 1

BatchNorm 4_1 512 512 – – –

ReLU 4_1 –

Conv 4_2 512 512 (3, 3) 1 1

BatchNorm 4_2 512 512 – – –

ReLU 4_2 –

MaxPool 4 – – (2, 2) 2 0

CBR_5

Conv 5_1 512 512 (3, 3) 1 1

BatchNorm 5_1 512 512 – – –

ReLU 5_1 – – – – –

Conv 5_2 512 512 (3, 3) 1 1

BatchNorm 5_2 512 512 – – –

ReLU 5_2 –

MaxPool 5 – – (2, 2) 2 0

Avg AdaptiveAvgPool –

Classifier (FC1) Linear 512 3 – – –

Classifier (FC2) Linear 512 3 – – –

Table 3.  Parameters of the VGG-MFO-orange network.
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VGG13 and VGG13_bn fluctuated more, indicating that these models had insufficient generalization ability 
for the validation dataset and may have suffered from overfitting or unstable optimization. Finally, ShuffleNet 
and MobileNet_v2 did not show a significant decrease in validation loss despite their good performance in 
the training phase, suggesting that these lightweight models may have failed to adequately learn the complex 
features of the data in the given task.

The accuracy curve produced during network validation is shown in Fig. 9, in which it can be seen that the 
network designed in this paper performed well on the test set. Its accuracy increased steadily with the increase 
in training cycles, finally reaching a relatively high level; this shows that the proposed network had good 
generalization ability on the data of mandarin orange sugar classification images. Meanwhile, DenseNet121 
and ResNet50 also showed good performance: Their accuracies gradually increased with training and, although 
the final accuracies were slightly lower than those of our model, they still showed a strong learning ability. 
MobileNet_v2 showed a faster increase in accuracy at the beginning of the training period, but then the growth 
slowed down, and the final accuracies were slightly lower than those of DenseNet121 and ResNet50; this may 

Fig. 7.  Loss rate curves for each network during the training process.

 

Training parameters Details

Iteration 100

Input image size (pixels) 256 × 256

Learning rate 0.000005

Optimizer Adam

Classification number 3

Batch size 48

Epoch 100

Table 5.  The main parameter settings of the proposed model.

 

Environment Configuration

Programming language Python 3.10.9

Operating system Windows 10 Professional

Framework Torch: 1.21.1 + cu113

GPU NVIDIA GeForce RTX4070Ti

CPU 13th Gen Intel(R) Core(TM) i9-13900 K

Memory 32 GB DDR5

Library called Torchvision: 0.13.1 + cu113; NumPy: 1.23.5

Table 4.  The experimental environment configuration.
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imply that the network is limited in some aspects. ShuffleNet’s accuracy growth was slower, and its final accuracy 
was relatively low, which may indicate that the network did not perform as well as the other networks in dealing 
with this task. The accuracy growth of VGG13 and its variant VGG13_bn was also slower, and their final 
accuracies were not very high, which may be related to their network structure.

During the model validation process, the settings were set to periodically evaluate model performance for 
each epoch. We selected the output and saved the model that achieved the highest accuracy. The confusion 
matrix of the validation results plotted by extracting the output file is shown in Fig. 10. From the results, the 
model proposed in this paper correctly classified 483 samples in the category “over 12,” which was second only 
to ResNet50. Its accuracy in the category “10–12” was also very high, correctly classifying 479 samples, which 
was the highest among all networks. The proposed model also had a low misclassification error rate; specifically, 
there was only one case where the category “10–12” was incorrectly identified as “over 12.” Among the other 
networks, DenseNet121 and MobileNet_v2 performed relatively well. However, they were slightly worse in the 
“over 12” category, correctly classifying 461 and 470 samples, respectively. In contrast, VGG13_bn and ResNet50 
performed poorly on the “less 10” category, with high misclassification rates.

Fig. 9.  Accuracy curves for each network during validation.

 

Fig. 8.  Loss rate curves for each network during the validation process.
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In order to compare the feature extraction ability of different networks, we chose to use the heat map of 
the image in the final convolution step of each network for horizontal comparison. A sample from the test 
set “10–12” was randomly selected as the uniform input, and the heat map (All the heat maps are created by 
PyCharm Community Edition, 2023.1, https://www.jetbrains.com/pycharm/download) of the final convolution 
output of each network is shown in Fig. 11. From the results of the comparison, the proposed model showed 
a more focused area of attention in feature extraction, especially in the edge and bottom regions of the fruit, 
which indicates a stronger feature extraction ability. In contrast, DenseNet121 and MobileNet_v2 had more 
pronounced attention toward the top and edge regions of the fruit, although their focus was more dispersed. The 
heat maps of ResNet50 and ShuffleNet, on the other hand, show a more even distribution of attention, but are not 

Fig. 11.  Comparison of final convolutional heat maps of each network.

 

Fig. 10.  Confusion matrix of test results where each network achieved the highest accuracy.
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as prominent as the proposed model in key feature areas. The heat maps of VGG13 and VGG13_bn heat maps 
appear to have a more dispersed focus of attention, with some areas of attention failing to focus even on the fruit.

The performance of the network model proposed in this paper, as well as the performance of each of its 
modules, was compared and analyzed vertically. Taking a random subset of data in the training and validation 
dataset as an example, heat maps of the last layer convolution results of CBR_1, CBR_2, CBR_3, CBR_4, and 
CBR_5 were output; the results are shown in Fig. 12. From the vertical comparison results, the ability of our 
network model to extract features gradually in different convolutional layers was clearly demonstrated. In the 
initial CBR_1 and CBR_2, the model mainly focused on the overall contour and basic shape features of the fruit, 
and the feature extraction was more uniform and did not highlight the key regions. As the convolutional layers 
deepened, from CBR_3 to CBR_5, the network gradually focused on more detailed features. In particular, in 
CBR_4 and CBR_5, the heat maps show that the model had a more pronounced focus on the edges of the fruits 
and key feature regions (e.g., surface depressions or color variations), indicating that the deeper convolutional 
layers were able to effectively capture complex image features. This gradual deepening of feature extraction, 
especially the consistency over the validation set data, demonstrated the robustness and stability of the model 
over different datasets. Overall, the feature extraction process of the model in each convolutional layer exhibited 
an effective feature extraction mechanism from shallow to deep and from whole to local, which verified the 
rationality and effectiveness of its design.

In order to evaluate the improvement effect of the added MFO module on VGG, the heat map results of each 
layer of MFO were output, as shown in Fig. 13. In the MFO_1 results, it can be seen that the MFO module quickly 
extracted orange peel feature, especially for sample1-2 and sample1-1, while as a comparison, the CBR_1 results 
in Fig. 12 did not extract too much feature. In the MFO_2 results, it can be seen that all samples have extracted 
key feature, which performs well compared to the CBR_2 results, indicating the success of the MFO module. 
Subsequently, the performance of MFO_3 can be thought as normal, while then, CBR_4 performed better than 
MFO_4. Finally, according to Eq. (5), the Concat_MFO layer outputed the concated results of MFO_1, MFO_2, 
MFO_3, MFO_4, and CBR_5. It can be seen that compared with the results of CBR_5, the result obtained 

Fig. 12.  Heat map results for each CBR result of the designed network.

 

Scientific Reports |        (2025) 15:11781 12| https://doi.org/10.1038/s41598-025-96297-9

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


by this operation can make the key features extracted fall around the orange peel instead of scattered like 
CBR_5. Overall, the proposed AO-MFO-VGG model is better than the original VGG in classification for Linhai 
mandarin oranges dataset.

In deep learning, precision, recall, and F1-score are important metrics for evaluating the performance of a 
model, and are obtained using the equations shown below:

	
Precisioni = T Pi

T Pi + F Pi
� (13)

	
Recalli = T Pi

T Pi + F Ni
� (14)

	
F1_scorei = 2 × Precisioni × Recalli

Precisioni + Recalli
� (15)

where TP is True Positive, FP is False Positive, TN is True Negative, FN is False Negative, and i represents the 
first classification. In order to fully evaluate the performance of each model, the precision, recall, and F1-scores 
were further recalculated from the concepts of micro average, macro average, and weighted average as per Eqs. 
(16–24):

	
Precisionmicro =

∑n

i=1 T Pi∑n

i=1 (T Pi + F Pi)
� (16)

	
Recallmicro =

∑n

i=1 T Pi∑n

i=1 (T Pi + F Ni)
� (17)

Fig. 13.  Heat map results for each MFO result of the designed network.
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F1micro = 2 × Precisionmicro × Recallmicro

Precisionmicro + Recallmicro
� (18)

	
Precisionmacro = 1

n

n∑
i=1

Precisioni� (19)

	
Recallmacro = 1

n

n∑
i=1

Recalli� (20)

	
F1macro = 1

n

n∑
i=1

F1 - Scorei� (21)

	
Precisionweighted =

n∑
i=1

wi × Precisioni� (22)

	
Recallweighted =

n∑
i=1

wi × Recalli� (23)

	
F1weighted =

n∑
i=1

wi × F1 − Scorei� (24)

The micro-method calculates performance metrics from an overall perspective, it first accumulates the TP, FP, 
and FN across all categories, and then calculates precision, recall, and F1 scores based on these overall values. 
The macro-method calculates performance metrics from an individual perspective, it calculates precision, recall, 
and F1 scores separately for each category and then averages these scores. The weighted method calculates 
performance metrics from a weighted perspective, it calculates weighted precision, recall, and F1 scores based 
on the number of samples in each category.

The results calculated from Eqs. (16–24), shown in Table 6, demonstrate that the proposed model outperformed 
the other models in all indicators, especially in key evaluation indicators such as F1-score, precision, and recall. 
The F1-scores of the micro average, macro average, and weighted average of this model were 0.8708, 0.8690, and 
0.8694, respectively, which were all higher than those of DenseNet121, MobileNet_v2, ResNet50, VGG13, and 
its with-batch normalized version, VGG13_bn. Specifically, the F1-scores of the proposed model in terms of its 
precision were 0.8791 and 0.8767 for the macro average and weighted average, respectively, further indicating 
its stability and accuracy in prediction. Meanwhile, the model also outperformed in metrics such as recall and 
F1-score, indicating that it has better overall performance in handling different categories of data.

The results of the model’s number of parameters, final accuracy, and the time taken to train and validate an 
epoch for each network are shown in Table 7. It can be seen that the proposed model achieved relatively high 
accuracy with a relatively small number of parameters, with values of 10.04 M and 0.8708, respectively. However, 
its training time per epoch was longer, at 38 s, and its validation time was similar to the other models, at about 
14 s. In contrast, ResNet50 had a final accuracy of 0.7969, a training time of 25 s, and a more moderate number 
of parameters. MobileNet_v2 and ShuffleNet had lower accuracies than the other models, at 0.7850 and 0.7976, 
respectively, despite having a smaller number of parameters and a shorter training time (both 20 s). VGG13 
and its strip batch VGG13_bn had accuracies of 0.7876 and 0.8262, respectively; although these accuracies were 
higher than those of some of the other models, their training times were also relatively longer. Overall, the 
proposed model performed well in terms of accuracy, but required more training time, whereas ResNet50 struck 
a better balance between accuracy and training time.

Overall, the proposed model exceled in all metrics, especially outperforming other models in terms 
of accuracy, F1-score, and precision. It converged quickly on training and validation loss, and had strong 

DenseNet121 MobileNet_v2 Proposed model ResNet50 VGG13 VGG13_bn

F1_Scoremicro 0.7876 0.7850 0.8708 0.7969 0.7976 0.8262

F1_Scoremacro 0.7856 0.7831 0.8690 0.7945 0.7958 0.8250

F1_Scoreweighted 0.7869 0.7844 0.8694 0.7960 0.7969 0.8259

Recallmicro 0.7876 0.7850 0.8708 0.7969 0.7976 0.8262

Recallmacro 0.7839 0.7800 0.8683 0.7905 0.7930 0.8237

Recallweighted 0.7876 0.7850 0.8708 0.7969 0.7976 0.8262

Precisionmicro 0.7876 0.7850 0.8708 0.7969 0.7976 0.8262

Precisionmacro 0.7899 0.7906 0.8791 0.8063 0.8026 0.8272

Precisionweighted 0.7888 0.7882 0.8767 0.8028 0.8002 0.8265

Table 6.  Accuracy, precision, recall, and F1-score of each network.
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generalization ability, especially in the classification of key categories. Despite its long training time, the proposed 
model possessed excellent feature extraction ability that could effectively capture the edges and key features of 
fruits, demonstrating good learning ability and robustness.

Conclusions
With the increasing consumer demand for orange quality, the detection and grading of orange internal quality is 
becoming increasingly necessary. Deep learning techniques, especially convolutional neural networks (CNNs), 
have shown significant advantages in solving complex classification problems. In this paper, with the goal of 
enhancing the learning ability for citrus epidermal features, we investigated the migration learning of deep 
CNNs, and propose an improved “VGG-MFO-Orange” CNN model specifically for the non-destructive image 
recognition and sugar detection of Linhai mandarin orange. The specific contributions of this paper are as 
follows:

	(a)	 A dataset is proposed. The dataset consists of two parts: orange appearance photos and orange fruit sugar 
content. The sugar content of the orange is predicted by the visual texture characteristics of the orange;

	(b)	 An AO attention mechanism module for extracting the features of orange visual texture is proposed. The 
module divides the input into three sequential parts: the Linear Group module, Adaptive Mean Pooling 
module, and Convolutional Group module. The feature data of orange visual texture is then obtained 
through a series of operations such as Hadamard product and element-wise addition;

	(c)	 An MFO module that divides the input data into left and right parts. The data from the left and right parts 
are operated by roll, after which the feature information is extracted through the attention mechanism. This 
is followed by generating the attention mapping with the output of each convolution block and the corre-
sponding attention module to improve prediction accuracy.

The experimental results show that the model performed well on both of our own image datasets, with an 
accuracy of 0.8708. In the future, the proposed model will hopefully be deployed on mobile devices for a wider 
range of non-destructive fruit detection and classification tasks. This will help fruit farmers and distributors 
to optimize fruit grading and sales channels, as well as promoting the intelligent development of agricultural 
production.

In this paper, 1000 Linhai mandarin oranges were collected as samples from the same one village, which is 
limited for the vast Linhai mandarin orange production area, and the number of samples is not considered to be 
as a large scale. In the future works, the sample collection area will be expanded, the number of samples collected 
will be greatly increased, which will be used to further improve the accuracy of the proposed model, and the 
actual prototype detection device will be made to deploy the proposed model for practice.

Data availability
Data is provided within the manuscript or supplementary information files.
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