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Abstract. Automated image classification is a fundamental task in computer vi-
sion. One of the most powerful deep learning (DL) models employed in image
classification is the Convolutional Neural Network (CNN). Its key strength is
the automatic extraction of features during direct raw image processing. This
work proposes an ensemble transfer learning model based on CNNs to classify
wheat grains. The dataset consists of 288 images of the kernels of three wheat
grain varieties. In order to build the ensemble model, VGG16, InceptionV3,
DenseNet201-V1, DenseNet201-V2, and NASNetMobile were evaluated and
compared on the basis of the performance metrics including accuracy, Cohen’s
Kappa, precision, recall and F1 score. The ensemble CNN model demonstrated
a higher level of performance than its base models achieving an accuracy of
96.48% and F1 score of 97%. Despite the limited amount of data available, the
study's findings indicate that the proposed approach is an effective means of
enhancing wheat grain classification.
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1 Introduction

Wheat is the most extensively cultivated crop in the world, and for the world’s popu-
lation, it is a fundamental source of essential nutrients. The number of wheat varieties
is constantly increasing. Therefore, the proper selection of the wheat variety is a key
factor in determining yield, as well as in marketing the commodity. With the rapid
advancement of computer-aided methods, object detection and recognition have
achieved tremendous progress. These are widely used in many fields, including their
application in agriculture [1,2].

With the advent of automatic image processing and artificial intelligence, classifi-
cation of wheat grains can be carried out on an industrial scale. It should be noted that
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this is more effective, cheaper and faster than expert judgement [3]. For these reasons,
effective classification methods based on visual features of wheat kernels are still
being developed [3,4].

Nowadays, convolutional neural networks (CNNs) and other forms of deep learn-
ing (DL) have been employed in digital image processing with the objective of en-
hancing prediction performance. In comparison to the outcomes yielded by traditional
machine learning, these DL methods have demonstrated notable improvements. One
of the first experiments using neural networks for classifying texture images was car-
ried out in 1999 [5]. The results obtained for pollen images showed that the neural
network was superior to some previously published statistical classifiers. Indeed,
100% accuracy was evidenced. Daood et al. [6] also developed a CNN model for
pollen grain classification. In this case, achieving 94% classification rate on a dataset
of 30 pollen types with a database containing 1000 images.

Recently, Agarwal and Bachan [3] proposed a computer vision based system for
automatic quality grading of wheat grains. The authors obtained accuracy of 93%. In
related work, Koklu et al. [7] developed a method for classifying rice varieties. The
features dataset and the image dataset were used as inputs. The classification success
rate was found to be 99.95% for Deep Neural Networks (DNNs) and 100% for CNN.

Brahimi et al. [8] reached 99.18% of accuracy and demonstrated that CNNs outper-
formed SVM and RF in tomato diseases classification. Yang et al. proposed a novel
method for peanut variety identification and classification by improving VGG16 [9].
The average accuracy of the improved model was 96.7%, which was 1.6—12.3% high-
er than that of other classical models. The identification of grain diseases was suc-
cessfully achieved using one of the transfer learning methods, DenseNet201, which
resulted in the highest accuracy of 96.8% [10]. The recent article [11] is devoted to
the diagnosis of tomato leaf diseases. The authors performed experiments with
YOLOVS5, MobileNetV2, ResNetl8, and a custom CNN model. The dedicated CNN
model demonstrated superior performance, attaining an accuracy of 95.2%.

In summary, despite great progress in the field of wheat grain classification, there
are still challenges in achieving more efficient classifiers. Therefore, the aim of our
paper is to propose an ensemble classifier based on CNNs for multiclass classification
of wheat grain. A further challenge is posed by the limited amount of data available,
which frequently proves to be a significant problem for CNN-based solutions. Analy-
sis was performed in order to provide a model interpretation based on Shapley values.

2 Materials and Methods

2.1  Characteristics of the Study Material

The experimental material comprised cleaned wheat grain of three varieties: Canadi-
an, Kama and Rosa. The study covered X-ray photograms containing 10 to 12 grain
kernels groove down positioned. The photograms were then scanned by an Epson
Perfection V700 table photo-scanner with 600 dpi scanning resolution and 8 bit gray
scale image digitization [12]. This X-raying and photo-scanning procedure provided
resolution images of sufficient quality for extracting distinct features important for
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accurate kernel characterization. Finally a randomly selected sample of 288 kernels
was studied. Figure 1 presents an exemplary images of wheat kernels.

Canadian Kama Rosa

Fig. 1. X-ray image of kernels of three wheat varieties: Canadian, Kama and Rosa.

2.2 Deep Learning Models

In our study, a transfer learning approach was used that is rooted in pre-trained CNN
models. This approach enables the application of pre-existing models to successfully
adjust and tune to new domains and tasks. The growing number of studies on transfer
learning models confirms their high adaptability and versatility [13]. The following
CNN models were investigated: VGG16 [14], InceptionV3 [15], DenseNet201 [16]
and NASNetMobile [17]. Combining a diverse set of individual CNN models can
improve the stability of the overall model, resulting in more accurate predictions.
Thus, ensemble learning was applied to produce one optimal and more robust predic-
tive model [18, 19].

2.3  Model Evaluation and Interpretation

The evaluation of the proposed models was carried out using a multi-class confusion
matrix and the performance metrics: accuracy, Cohen’s Kappa, precision, recall and
F1 score [20]. Five-fold cross-validation was applied to estimate the effectiveness of
a classifier model in predicting the class of an unseen data. At the end, the error in
cross-validating the data is determined as an average of all computed errors.

A game theory-based framework known as SHapley Additive exPlanations
(SHAP) is applied to explain the CNN models [21]. The idea used for explanations of
model predictions is to treat features that explain the prediction models as players and
the prediction as the total payout [22]. A CNN model for image classification is to be
trained and the final model is used to predict classifications of images in the test set.
In the context of an image, each pixel is treated as a feature, therefore, Shapley value
can be used to determine the pixel level importance in classifying images. The inter-
pretation of visualization of the images shows highlighted parts in shades of red and
blue. Red pixels represent positive SHAP values that increase the probability of the
class, while blue pixels represent negative SHAP values that reduce the probability of
the class.
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2.4  Proposed Ensemble Approach

In our work, five machine learning classification models, namely, VGG16, Incep-
tionV3, DenseNet201-V1, DenseNet201-V2, NASNetMobile were built. All classifi-
ers were trained from a total of 288 kernel images of three classes (Canadian — 108,
Kama — 72, Rosa — 108). All input images were augmented with the following opera-
tions: rotation with angle 0-5, width shift 0-2%, height shift 0-0.5% [23].

The architectures and their optimal parameter values were selected based on prior
experiments, which were then hypertuned. The final parameter specification of the
employed models are presented in Table 1.

Table 1. Model parameters.

Parameter Specification

Image size 200x150%3

Optimizer Adam

Learning rate 0.001

Epochs 30

Dense Layer activation function ReLU

Dropout 0.5

Output Layer activation function Softmax

Loss function Categorical Cross-entropy

The models were executed apportioning 80% of the data to train and 20% to test.
Three best models were combined to build the soft voting ensemble CNN classifier.

3 Experimental Results and Discussion

3.1 Classification Results

This section presents the results of the study. Tables 2 and 3 display the outcomes of
our study. The three best results for the Kappa, accuracy and weighted-average indi-
cators of the individual CNN models are in bold.

As shown in Table 2, the VGG16 and InceptionV3 models achieved the lowest
global accuracy of 91.97% and 88.89%. The DenseNet201-V1 and DenseNet201-V2
models demonstrated a 94.78% and 95.47% success rate in classification, respective-
ly. The DenseNet201-V2 model displayed the highest level of efficiency in identify-
ing the Canadian variety (98.2%) while DenseNet201-V1 achieved the highest result
for the Kama variety (91.7%). The NASNetMobile model achieves an accuracy of
94.78% and a Cohen's Kappa score of 87%. However, this model was particularly
effective in the recognition of the Rosa variety (99.1%). The three models with the
highest Cohen’s Kappa and global accuracy were included in the ensemble model. In
addition, the base models differed in their ability to identify specific wheat varieties.
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Table 2. Classification results with CNN models.

VGG16 InceptionV3
Accuracy 91.97% Accuracy 88.89%
Kappa 86.00% Kappa 82.00%

Precision Recall F1 score Class Precision Recall F1 score
Canadian 0.88 0.94 0.91 Canadian 0.89 0.92 0.90
Kama 0.94 0.89 0.91 Kama 0.86 0.82 0.84
Rosa 0.95 0.92 0.93 Rosa 0.91 0.91 0.91
Average 0.92 0.92 0.92 Average  0.89 0.89 0.89
DenseNet201-V1 DenseNet201-V2
Accuracy 94.78% Accuracy 95.47%
Kappa 91.00% Kappa 93.00%

Precision Recall F1 score Class Precision Recall F1 score
Canadian 0.95 0.97 0.96 Canadian  0.97 0.98 0.98
Kama 0.96 0.92 0.94 Kama 0.97 0.90 0.94
Rosa 0.93 0.94 0.93 Rosa 0.93 0.96 0.95
Average 0.95 0.95 0.94 Average  0.96 0.95 0.96
NASNetMobile Ensemble model
Accuracy 94.78% Accuracy 96.48%
Kappa 87.00% Kappa 94.00%

Precision Recall F1 score Class Precision Recall F1 score
Canadian 0.96 0.92 0.94 Canadian  0.96 0.98 0.97
Kama 0.89 0.89 0.89 Kama 0.97 0.94 0.96
Rosa 0.95 0.99 0.97 Rosa 0.96 0.97 0.97
Average 0.94 0.94 0.94 Average  0.96 0.97 0.97

The ensemble model used DenseNet201-V1, DenseNet201-V2 and NASNetMobile as
base learners. The experimental settings remained constant. The ensembles were
trained separately, and an average of all predictions was combined as the final result.

Table 3. The confusion matrix obtained from the ensemble model (5-fold cross validation).

Predicted Class
Canadian Kama Rosa
Canadian 104 (96.2%) 2 (1.9%) 2 (1.9%)
Actual Class Kama 1 (1.4%) 68 (94.4%) 3 (4.2%)
Rosa 3 (2.8%) 0 (0.0%) 105 (97.2%)
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The confusion matrix can be found in Table 3. There was a significant improvement
for the Kama variety (94.4%), and a deterioration for the Canadian (96.2%) and Rosa
varieties (97.2%). However, weighted-average precision value, as well as the effi-
ciency of this model and F1 score had the highest rate of 0.96, 0.97 and 0.97. The
ensemble classifier gave the highest global accuracy (96.48%) and Kappa (94%).

3.2  Features Importance Analysis

For the interpretation of the CNN models, the Deep SHAP algorithm was applied to
generate an explaining module. Figure 2 presents the results of DenseNet201-V2
model’s SHAP generated for three inputs on the leftmost column.

Canadian Kama Rosa
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Fig. 2. DenseNet201-V2 model’s SHAP values for wheat variety kernel images.

In the case of the image with the Rosa wheat variety, red pixels are presented mainly
in the kernel groove. Here, the kernel groove is the longest. This region is also pre-
sented for the Kama and Canadian variety kernels. The average kernel groove length
was significantly higher for Rosa, in comparison with the two other varieties [24].
Thus, the most discriminatory feature for the Rosa variety is kernel groove length.

In addition, red pixels emphasized regions of interest at the edges of the Kama and
Rosa kernels, which contributed to the correct classification. This is consistent with
the fact that according to the SHAP values, kernel perimeter is the second most dis-
criminatory feature. The results for the Canadian and Kama variety kernels show red
pixels concentrated in specific large internal kernel parts. It is evident that there is a
substantial disparity between the average kernel area and the average kernel perimeter
of the Rosa variety and those of the other varieties [24].
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33 Discussion

The classification of small datasets is a challenging task, especially in the context of
computer vision approaches. However, it is an area of interest for many researchers
[25]. The issue of having a limited number of grain images by an ensemble of CNN
models for image classification is addressed in our study.

The outcomes of almost all transfer learning methods were excellent, with accu-
racy, Kappa, precision, recall and F1 score exceeding 90%. In comparison, only In-
ceptionV3 demonstrated slightly lower performance, achieving an accuracy of
88.89%, a Kappa of 82%, a precision of 0.89,a recall of 0.89, and an F1 score of
0.89. The DenseNet201-V2 model demonstrated a very high accuracy of 95.47%. The
remaining outcomes, i.e. Kappa, precision, recall and F1 score, confirmed the accura-
cy. The Kappa score was 93%, the precision rate was 0.96, the recall rate was 0.95
and the F1 score was 0.96. The proposed soft-voting ensemble CNN model outper-
formed single classifiers achieving an accuracy of 96.48%, a Cohen Kappa of 94%
and an F1 score of 97%. It also outperformed traditional ML models based on the
main shape features as extracted from the same X-ray wheat kernel images, achieving
an improvement in F1 score of 3% [24]. Furthermore, the feature importance analysis
of the CNN models was consistent with the SHAP values of traditional models.

4 Limitations and Future Works

This study presented a soft-voting ensemble CNN approach for classifying X-ray
images of wheat grains. A key limitation of this study is the relatively small size of
the dataset, which may restrict the model’s ability to generalize. However, the dataset
is unique and challenging to obtain, which enhances the value of this work despite its
limited scale. Future work will focus on more advanced ensemble techniques to im-
prove the performance and robustness of the model using larger and more diverse
datasets. The results demonstrate that the proposed approach effectively enhances
wheat grain classification even when the size of the dataset is limited.
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