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Abstract. The appearance of strawberries is a crucial factor for both
consumers and the fruit processing industry. The visual quality of straw-
berries is directly related to their degree of ripeness. With the advance-
ment of deep learning, the analysis of strawberry appearance has become
more accurate, though these methods still require signi�cant time and
computational power. In this article, we analyze the e�ciency of hun-
dreds of di�erent combinations of convolutional neural network (CNN)
models and supervised classi�ers to evaluate the quality of strawberries.
We utilized seventy-one CNN models to extract features from straw-
berry images and applied ten di�erent classi�ers to perform the classi�-
cation. The best results were obtained with CNNs from the ConvNeXt
family (ConvNeXtBase, ConvNeXtSmall, and ConvNeXtTiny) and VGG
models (VGG16 and VGG19) in combination with Gradient Boosting,
Histogram-Based Gradient Boosting, and SVM classi�ers, achieving ac-
curacies up to 78% and F1-scores up to 85%. The objective of our study
is to help farmers accurately classify the appearance of strawberries in
real-world situations. The methods used can facilitate the future devel-
opment of intelligent strawberry classi�cation systems.

Keywords: Convolutional Neural Network · Machine Learning · Straw-
berry Classi�cation · Supervised Learning.

1 Introduction

Strawberry is a perishable and non-climacteric fruit, meaning it does not ripen
after being harvested. It is cultivated worldwide and is very popular for its sweet
taste and nutrients. The strawberry growth cycle has three main phases: �ower-
ing, fruiting, and ripening. Currently, there is no single standard for determining
the ripening stage of strawberries, so farmers still need to inspect them manually,
which can be ine�cient and time-consuming [21]. Therefore, it is important to
develop an automatic system to classify the maturity of strawberries. In recent
years, machine learning (ML) has been very successful in agriculture, helping to



classify and detect di�erent items by analyzing large volumes of data to identify
complex features [34].

Several studies have explored the use of ML and convolutional neural net-
works (CNNs) for strawberry recognition. For example, Gao et al. [14] used hy-
perspectral imaging to extract information from strawberry images and Support
Vector Machines (SVM) for maturity classi�cation, achieving a ROC greater
than 95%. Behera et al. [4] combined LBP, HOG, and GLCM features with
K-Nearest Neighbors (KNN), SVM, and Naïve Bayes classi�ers to compare the
results obtained in papaya maturity classi�cation. The best result found was
KNN with HOG, achieving 100% accuracy and a training time of 0.0995 seconds.
Benmouna et al. [6] used Visible/Near Infrared (Vis/NIR) to extract features
from images and used arti�cial neural networks (ANN), SVM, and KNN to clas-
sify the maturity of Fuji apples, achieving correct classi�cation rates (CCR) of
89.5%, 95.93%, and 91.68% for ANN, SVM, and KNN, respectively.

Despite various studies, there are still many combinations of CNN models and
classi�ers that have not been tested to �nd the best method for recognizing the
quality of strawberries. In this article, we analyze seventy-one CNNs combined
with ten classi�ers to recognize strawberries. We extract deep features with
di�erent CNNs and use them in various classi�ers to predict the maturity of
strawberries.

The rest of the paper is structured as follows. In Section 2, we describe the
datasets, CNN models, and classi�ers used in this study. Section 3 presents the
experimental results, including the combinations of CNNs and classi�ers that
achieved the best accuracy and F1-score. Section 4 discusses speci�c aspects of
the results. Finally, Section 5 summarizes the conclusions.

2 Materials and Methods

In the following subsections, we present the datasets, CNN models, and classi�ers
used in this paper.

2.1 Dataset

The image datasets used in this work are Strawberry-DS1 [10] and
StrawDI_Db12 [25]. Strawberry-DS contains 247 RGB images of strawberry
plantations with a resolution of 3840x2160 pixels. StrawDI_Db1 contains 3100
images of strawberry plantations with a resolution of 1008x756 pixels. In this
work, the images were separated and labeled by an expert as �Harvest� and
�Not_harvest�, with �Harvest� being images that have at least one strawberry
ready for harvesting, and �Not_harvest� being images without strawberries
ready for harvesting. For Strawberry-DS, 170 images were labeled as �Harvest�
and 77 images were labeled as �Not_harvest�. For StrawDI_Db1, 1780 images
were labeled as �Harvest� and 1320 images were labeled as �Not_Harvest�.

Some examples of images are shown in Figure 1.
1 Available at https://data.mendeley.com/datasets/z6dtfdpzz8/1
2 Available at https://strawdi.github.io

https://data.mendeley.com/datasets/z6dtfdpzz8/1
https://strawdi.github.io
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Fig. 1: Example of images from Strawberry-DS and StrawDI_Db1: (a) Images
from Strawberry-DS; (b) Images from StrawDI_Db1.

2.2 Convolutional Neural Network (CNN)

Traditional CNN methods are often used to extract features from images [3].
These methods are usually pre-trained on large datasets, such as ImageNet [27],
and then applied to other tasks. In our study, we used CNN models as feature
extractors to obtain detailed information from strawberry images.

The 71 CNN models we used in this research are shown in Table 1.

2.3 Principle Components Analysis (PCA)

The output from the last convolutional layer of the CNN models is large, with
thousands of elements. Therefore, after extracting features from the images with
the CNN models, we use the PCA algorithm [23] to reduce its dimensionality.
PCA is the most widely used linear dimensionality reduction algorithm. It is able
to preserve the maximum variation in the data by performing a linear projection
of these data, minimizing the reconstruction error.

In this paper, PCA is applied to preserve from 90% to 99% of vari-
ance, in steps of 1%, for all the combinations of the 71 CNN extractors and
10 classi�ers, totaling 7100 di�erent con�gurations used for the Strawberry-
DS dataset. For StrawDI_Db1, some CNN models could not be applied



Table 1: CNN Models used as feature extractors in this paper.

Model Reference

VGG16, VGG19 [29]

ResNet50, ResNet101, ResNet152 [16]

ResNet50V2, ResNet101V2, ResNet152V2 [17]

ResNetRS50, ResNetRS101, ResNetRS152, ResNetRS200,
[5]ResNetRS270, ResNetRS350, ResNetRS420

InceptionV3 [31]

InceptionResNetV2 [30]

DenseNet121, DenseNet169, DenseNet201 [20]

Xception [9]

MobileNet [19]

MobileNetV2 [28]

MobileNetV3Large, MobileNetV3Small [18]

NASNetLarge, NASNetMobile [35]

E�cientNetB0, E�cientNetB1, E�cientNetB2, E�cientNetB3
[32]E�cientNetB4, E�cientNetB5, E�cientNetB6, E�cientNetB7

E�cientNetV2B0, E�cientNetV2B1, E�cientNetV2B2,
[33]E�cientNetV2B3, E�cientNetV2S, E�cientNetV2M, E�cientNetV2L

RegNetX002, RegNetX004, RegNetX006, RegNetX008, RegNetX016,

[26]

RegNetX032, RegNetX040, RegNetX064, RegNetX080, RegNetX120,
RegNetX160, RegNetX320, RegNetY002, RegNetY004, RegNetY006,
RegNetY008, RegNetY016, RegNetY032, RegNetY040, RegNetY064,
RegNetY080, RegNetY120, RegNetY160, RegNetY320

ConvNeXtTiny, ConvNeXtSmall, ConvNeXtBase,
[22]ConvNeXtLarge, ConvNeXtXLarge

due to insu�cient RAM in the tested platform. These models are Xcep-
tion, NASNetLarge, RegNetY160, RegNetY320, InceptionV3, DenseNet201,
ResNetRS152, ResNetRS200, ResNetRS270, ResNetRS350, ResNetRS420, Ef-
�cientNetB0, E�cientNetB1, E�cientNetB2, E�cientNetB3, E�cientNetB4,
E�cientNetB5, E�cientNetB6, E�cientNetB7, E�cientNetV2B0, E�cient-
NetV2B1, E�cientNetV2B2, E�cientNetV2B3, E�cientNetV2S, E�cient-
NetV2M, E�cientNetV2L, ConvNeXtLarge, and ConvNeXtXLarge. Therefore,
for the StrawDI_Db1 dataset, 4300 di�erent con�gurations were tested.



2.4 Classi�ers

Choosing the classi�er is an important step, as di�erent techniques can produce
varying results with the same data, and selecting the best classi�er is essential
for obtaining good results. In this study, we chose ten classi�ers to predict the
ripening stage of strawberries, which are show in Table 2.

Table 2: Classi�ers used in this paper.

Classi�er Reference

Support Vector Machine (SVM) [7]
Linear Support Vector Machine (LSVM) [11]
Logistic Regression (LR) [7]
K-Nearest Neighbors (KNN) [7]
Gaussian Naïve Bayes (GNB) [7]
Decision Tree (DT) [7]
Gradient Boosting (GB) [13]
Histogram-based Gradient Boosting (HGB) [2]
Random Forest (RF) [8]
Perceptron [7]

2.5 Implementation

The free version of Google Colab [15] was used for programming the models. It
uses Python version 3 [12] as the programming language and runs the code on
Google's cloud infrastructure, meaning the platform provides the computational
resources to execute the code without the need for powerful computational re-
sources on the local machine. The RAM is �xed at 12.67GB, but the hardware
con�guration is de�ned each time the execution environment is connected. Since
the environment can occasionally disconnect and reconnect, execution times were
not included as results due to the signi�cant imprecision in execution time. The
CNN implementations used are from the TensorFlow package [1], and the clas-
si�er implementations are from the Scikit-learn package [24].

3 Results

For each combination of CNN extractor, PCA con�guration, and classi�er, the
training is performed using Cross Validation with 5 folds. First, the models were
trained without weight balancing, and then with weight balancing, except for
KNN, NB, and GB classi�ers because there is no parameter in Scikit-learn for
these three classi�ers to balance the weights. The performance of each model
is evaluated by the averages of accuracy, F1-score, recall, and precision. These
evaluation criteria play a critical role in assessing the results of this experiment.



The ten best results obtained for Strawberry-DS are shown in Table 3, and
the ten best results obtained for StrawDI_Db1 are shown in Table 43. Based
on tests conducted on the Strawberry-DS and StrawDI_Db1 datasets, the best
combinations found were ConvNeXt family (ConvNeXtBase, ConvNeXtSmall,
and ConvNeXtTiny) and VGG models (VGG16 and VGG19) in combination
with Gradient Boosting, Histogram-Based Gradient Boosting, and SVM classi-
�ers, achieving accuracy above 72% and F1-scores above 78%.

Table 3: Ten best results for Strawberry-DS. Best accuracy, F1-Score, Recall,
and Precision are highlighted in bold.

Techniques Balanced PCA Accuracy F1-Score Recall Precision

VGG16 + GB No 0.97 0.7796 0.8512 0.9118 0.7991
VGG19 + P No 0.96 0.7592 0.8509 0.9824 0.7517
VGG19 + HGB Yes 0.90 0.7837 0.8468 0.8456 0.8293

VGG19 + HGB No 0.90 0.7796 0.8467 0.8882 0.8120
ConvNeXtTiny + LR No 0.90 0.7796 0.8449 0.8706 0.8226
VGG19 + GB No 0.91 0.7714 0.8448 0.9059 0.7932
VGG19 + LR No 0.93 0.7592 0.8424 0.9294 0.7704
ConvNeXtBase + SVM Yes 0.94 0.7388 0.8385 0.9706 0.7350
VGG19 + LR Yes 0.95 0.7510 0.8367 0.9118 0.7697
VGG19 + RF Yes 0.90 0.7265 0.8358 1.0000 0.7184

Table 4: Ten best results for StrawDI_Db1. Best accuracy, F1-Score, Recall, and
Precision are highlighted in bold.

Techniques Balanced PCA Accuracy F1-Score Recall Precision

ConvNeXtBase + GB No 0.91 0.7694 0.8111 0.8612 0.7666
ConvNeXtBase + HGB No 0.93 0.7677 0.8105 0.8646 0.7630
ConvNeXtBase + HGB Yes 0.91 0.7665 0.8067 0.8483 0.7691

ConvNeXtBase + SVM No 0.90 0.7213 0.7965 0.9494 0.6861
ConvNeXtSmall + GB No 0.95 0.7471 0.7921 0.8393 0.7501
ConvNeXtSmall + HGB No 0.91 0.7442 0.7916 0.8455 0.7443
ConvNeXtSmall + SVM No 0.90 0.7223 0.7878 0.8978 0.7019
ConvNeXtSmall + HGB Yes 0.92 0.7458 0.7869 0.8169 0.7593
ConvNeXtTiny + HGB No 0.91 0.7319 0.7847 0.8500 0.7291
ConvNeXtSmall + SVM Yes 0.90 0.7326 0.7818 0.8337 0.7361

3 The complete tables with all the results can be viewed at the following link https:

//bit.ly/3EGoYlB

https://bit.ly/3EGoYlB
https://bit.ly/3EGoYlB


4 Discussion

Regarding the Strawberry-DS dataset, it is notable that two di�erent families
of CNNs, VGG and ConvNeXt, yielded the best results. While ConvNeXt rep-
resents the state of the art in CNNs, VGG, proposed over a decade ago, slightly
outperformed ConvNeXt in this dataset. Interestingly, 6 of the 10 best results,
including the highest F1-score, were obtained without addressing the dataset
imbalance.

Conversely, for the StrawDI_Db1 dataset, the ConvNeXt family dominated,
indicating that this newer architecture excels with this dataset. Similarly, 7 of the
10 best results, including the highest F1-score, were achieved without addressing
the dataset imbalance. It is worth noting that the best accuracy and F1-score
were obtained when PCA retained only 91% of the variance. All top results used
95% variance or less, suggesting signi�cant redundancy in the CNN models'
outputs.

5 Conclusions

Convolutional neural networks (CNNs) have proven e�ective in classifying straw-
berries due to their ability to extract detailed features from images. However,
these methods can be in�uenced by data quality and may not always be robust.
Currently, there are no o�cial standards for classifying strawberry ripeness.
While human experts can accurately label images, this process can be subjec-
tive and time-consuming. To address this issue, we tested various CNN methods
as feature extractors alongside supervised classi�ers to �nd the most suitable
solution. Our ultimate goal is to assist farmers in accurately classifying straw-
berry ripeness in real-life situations. We envision developing a system for mobile
applications to be used in plantations.

This study analyzed di�erent methods for assessing strawberry appearance
quality using neural networks and classi�ers. Seventy-one CNNs were used to
extract features from strawberry images, which were then analyzed by ten clas-
si�ers. The results indicated that the best performance was achieved with the
ConvNeXt family (ConvNeXtBase, ConvNeXtSmall, and ConvNeXtTiny) and
VGG models (VGG16 and VGG19) in combination with Gradient Boosting,
Histogram-Based Gradient Boosting, and SVM classi�ers, achieving accuracy
above 72% and F1-scores above 78% in all the top ten scenarios for both eval-
uated datasets. In the best case, an accuracy of 78% and F1-Score of 85% were
achieved.
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