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Abstract

With the growth of potato production in Kazakhstan, the development and implementation of digital
technologies that improve grading productivity is a very relevant issue. A comparative analysis of
two types of classical deep neural network models used for classification of color images of potatoes
from the Kazakhstan region is presented in the article. Ten representative varieties of Kazakhstani
potatoes were selected as objects of study: Alians, Alians mini, Astana, Astana mini, Edem, Edem
mini, Nerli, Nerli mini, Zhanaisan and Zhanaisan mini. Two convolutional neural network (CNN)
architectures - GoogLeNet and SqueezeNet - were fine-tuned using transfer learning with three
different optimization methods. The convolutional neural networks SqeezeNet and GoogLeNet were
used to identify the variety of the captured potato images. The comparison between the achieved
classification accuracy with the two neural networks was made using standard evaluation metrics,
such as accuracy, precision and recall, supplemented by confusion matrix analysis to reveal potential
misclassifications. The analysis of the metrics showed that both neural network architectures are
applicable for developing automated systems for identifying the correspondence of tubers with
specific varietal characteristics and sorting them in controlled laboratory image acquisition
conditions. When analyzing the results for the ten studied varieties, several varieties were identified
for which high recognition accuracy was obtained (Astana, Zhanaisan and Zhansyan mini), those
that were not identified very well (Alliance, Alliance mini, Astana mini, Edem) and one variety that
was poorly recognized - the Nerli variety. For the Astana and Zhanaisan varieties, accuracy rates
exceeding 97% were achieved, making the models suitable for use in digital potato tuber sorting
systems. For the Nerli and Alians varieties, further network training on a larger sample, including a
wider range of color variations, is recommended.

Keywords: potatoes; variety; classification; digital image analysis; deep learning methods

1. Introduction

There are more than 4, 000 varieties of potatoes in the world, but only a small part of them are
currently used. For example, in the United States, about 100 varieties of potatoes are constantly in
use. According to data for 2020, 36 varieties of potatoes have been included in the Register of Breeding
Achievements of Kazakhstan. In the country’s agricultural enterprises, about 25 thousand hectares
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of irrigated land are allocated for potatoes, and the average potato yield is 35-37 tons/hectare. The
total gross harvest, according to official data, is about 4 million tons. Since the early 2000s,
Kazakhstan’s potato growers have relied on modern, highly productive varieties of European
selection. The share of imported varieties in farms exceeds 90%, and seed material is imported in
significant quantities annually from Germany and the Netherlands. This is a serious problem for
increasing domestic potato production.

One of the key strategic tasks is a significant increase in the volume of seed potatoes produced
in Kazakhstan. Kazakhstan has a number of advantages for the development of potato seed
production, including a large territory and appropriate climate conditions.

In the last three years, the potato yield has been growing significantly in Kazakhstan. The main
condition for this is the usage of high-quality seeds of highly productive varieties. Currently, about
1200-1300 thousand hectares are under irrigation in the country. By 2027, the task is to double these
areas, which will provide conditions for increasing the area of land for potatoes.

So, at the moment in the Republic of Kazakhstan, all tasks and activities related to improving
the conditions for selecting potatoes for sowing are extremely relevant. The main areas of research
work that are of growing interest are the following: selection for productivity, heat and drought
resistance, resistance to diseases common in the republic, and the creation of varieties suitable for
industrial processing [1-4].

In the selection step for potatoes, when describing the distinctive morphological features of a
potato tuber, in particular its weight, size, and shape, manual work is carried out typically to measure
the length, width, and thickness of the tuber. The labor productivity of determining the size and
weight of tubers is about 600 tubers per hour. The requirements for seed potatoes are given in “GOST
33996-2016 Seed potatoes. Technical conditions and methods for determining quality” adopted by
the Interstate Council for Standardization, Metrology and Certification [5].

To improve the efficiency of potato and vegetable growing in Kazakhstan, a possible direction
for solving the problem of increasing the accuracy and productivity of determining the parameters
of potato tubers is the application of advances in computer image processing, machine learning, and
neural networks. Therefore, the development of a digital method for determining the morphological
indicators of potato tubers using a machine vision system and proper algorithms and tools for
processing is very relevant and timely.

To determine whether a batch of seed potatoes corresponds to a certain variety, it is necessary
to determine the weight, size, shape, and color of each tuber in the selected sample. The potato variety
is indicated in the accompanying documents. Therefore, the problem of checking compliance arises,
comparing the accompanying documents with the real indicators of potato tuber quality. Breeders,
seed farm specialists, and farmers face the problem of determining the compliance of tubers with a
certain variety. Modern advances in computer image processing and artificial intelligence make it
possible to solve this problem [6,7].

Objective quantitative methods for assessing the quality of vegetables and fruits, and especially
optical measurement methods together with deep learning approaches, provide high measurement
accuracy and meet the requirements for various crop quality evaluations [8-10]. The available
networks using deep learning are very accurate and robust overall. Pretrained networks differ from
each other in their parameters and training settings, such as size, algorithm, network weights and
biases, and also accuracy, performance, and speed, which influence the choice of a proper network
for each specific task. Regarding literature review, the most popular pretrained models are:
SqueezeNet [11], VGG [9], ResNet, GoogLeNet [12], YOLO Net [6,13], Inception, AlexNet, MobileNet
[7], DarkNet [14], and EfficientNet [15].

In most studies dealing with the quality of vegetables, including potatoes, the use of computer
vision techniques is the leading method. In recent years, authors have used RGB color images [16],
NIR images [17], multispectral [18], hyperspectral imaging, and deep learning [19-22], multi-camera
machine vision and morphological analysis [23], texture [24], thermal and hyperspectral imaging [25],
also there are described systems for the presence of defects [26], for maturity assessments [27],
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estimation of density and mass using ultrasound technology [28], acoustic evaluation [12], but
research on varietal identification by using deep learning approaches is limited [9].

Przybylak et al. (2020) [13] discussed the application of neural image analysis for automatic
quality assessment of potato tubers. The developed system uses real-time potato images and classifies
tubers by the presence of defects such as mechanical damage, spotting, sprouting, and putrefaction.
The results of the experiments showed classification accuracy of over 90%, as well as high stability to
changes in shooting conditions and lighting.

The paper by Zhao et al. (2023) [29] is devoted to the development of a non-destructive method
for the detection of external defects of potato tubers based on hyperspectral imaging (HSI) combined
with machine learning algorithms. The study used a hyperspectral imaging system in the 400-1000
nm range, which provides high-resolution spectral data. Based on the collected array of potato
images with various types of defects, training samples were constructed, feature selection methods
were used, and models based on SVM, RF, and other algorithms were trained. The classification
accuracy of damaged tubers in their work reached 93.5%.

The main focus of the research paper by Azizi et al. (2021) [30] is the application of machine
learning methods, in particular artificial neural networks, to classify potato varieties based on
morphological features. The authors used a custom-designed digital platform that extracts tuber
characteristics, including shape, size, texture, and color, and generates a feature vector based on them.
A multilayer neural network trained on a labeled dataset of images of different potato varieties was
used to build the classification model. As a result, the system demonstrated recognition accuracy
above 97% for most varieties, with the best results achieved using an architecture with two hidden
layers.

Another study by Azizi (2016) [31] deals with the identification of ten Iranian potato varieties. It
used data obtained from image processing together with principal component analysis by selecting
16 principal features, including color, shape, and texture parameters. In the study, it is concluded that
the textural features had a key role in determining potato varieties from the tuber surface. The
classification was done by linear discriminant analysis and a non-linear artificial neural network
method. Acceptable classification accuracy was obtained using a non-linear MLP neural network
with a 16-20-10-10 structure in the study.

One of the recent review works providing an up-to-date review of ML models in potato plant
phenotyping was done by Ciaran Miceal Johnson (2025) [32]. The advantages of Deep Learning (DL)
approaches and the rising trend of Convolutional Neural Network (CNN)-based architectures are
widely discussed, while also noting the limited availability of data for training these models. The
authors highlighted some key conclusions based on the large number of scientific papers reviewed
including the choice of pretraining dataset which has a significant impact on the model’s
performance; the fact that pretraining does not always lead to improved performance; when fine-
tuning, it is not necessary to update the weights of the entire network; a common approach which is
working well at all is to adjust only the top layers using the target dataset, and this is reducing the
time needed for fine-tuning.

Su et al. (2018) [33] presented an approach to automatic potato sorting based on machine vision
and 3D shape analysis of tubers. The work implements a system that combines two-camera shooting
and algorithms for reconstructing a 3D tuber model. The proposed system estimates length, width,
volume, projection area, sphericity, and axis ratio. Using the extracted features, models for assessing
the quality and sorting of potatoes based on classification rules defined by agricultural industry
standards were proposed. The article pays special attention to the development of a method for
preliminary cleaning of images from noise, normalization of illumination, and correction of
geometric distortions. The experiments conducted showed that the accuracy of sorting when using
the proposed system exceeds 94% when sorting by standard calibration classes.

The paper by Wei et al. (2023) [14] is devoted to the development and implementation of a cross-
modal approach for non-destructive quality control of potatoes in a real production flow. Their work
combines data from two modalities: visual images and spectral information. A key feature of the
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study is the use of data fusion technology, in which potato images from an RGB camera and
reflectance spectra obtained using a spectrometer are fed into a common neural network architecture.
Deep learning methods were used for the analysis, including convolutional neural networks (CNN)
and transformer-based models, which allow the extraction of complex features of both visual and
spectral nature. The results showed that the cross-modal approach outperforms traditional sorting
methods in accuracy — an accuracy of over 95% was achieved in detecting defects of various natures
- mechanical damage, dents, skin diseases.

As it is briefly reviewed, modern research confirms the importance of using optical
measurement methods and computer vision systems for vegetable quality analysis, but existing
methods have limitations in accuracy. Recent scientific papers emphasize the importance of
implementing deep learning methods and image processing algorithms to analyze most of the
important parameters for the quality of vegetables and fruits, and demonstrate the promise of
approaches for the detection of imperfections and varietal classification, but their use for Kazakhstan
potato varieties is practically not presented.

The present study aims to fill this gap by developing a method for automatic recognition of
potato tubers of different varieties in Kazakhstan using color imaging, computer vision, and deep
neural networks with transfer learning. The objects of the present study are mini and regular tubers
of seed potatoes of promising varieties of Kazakhstan selection, as follows Astana, Nerli, Zhanaysan,
Edem, and Alians, as well as a machine learning algorithm and a program for determining the
parameters of a tuber for a certain variety.

Varietal identification and digital classification are important for maintaining the purity of
planting material, improving seed production, and reducing the share of imported potato varieties.
Separating “mini” and standard tubers is also important for quality control in the early stages of
cultivation and for selecting elite potato tubers.

The subject of the research is the computer implementation of the machine learning algorithm
and the study of neural network options for determining potato varieties and testing the program.
The obtained research results will be used in the development of a digital automated system for
determining quality indicators and sorting varietal seed potato tubers.

2. Materials and Methods

2.1. Potato Dataset Description

This study deals with five main varieties of Kazakh regular and mini tubers of seed potatoes:
Astana, Nerli, Zhanaysan, Edem, and Alians. Sample images of potato tubers from the ten varieties
are shown in Figure 1.

Zhanaisan

Astana Zhanaisan

Alians mini mini Edem mini Nerli mini mini

Figure 1. Kazakhstan potato varieties, included in the study.
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These varieties were not chosen by chance: Astana, Nerli, Zhanaisan, Edem, and Alians
represent the foundation of Kazakhstan’s seed potato breeding. They differ in morphological traits,
climate adaptation, and yield.

— Astana is a high-yielding variety adapted to the climatic conditions of southeastern
Kazakhstan, and is heat- and drought-resistant.

— Zhanaisan is an early-ripening variety with high marketability. It is resistant to diseases and
the climatic conditions of Kazakhstan.

— Edem is an early, high-yielding, heat- and drought-resistant variety, with field resistance to
diseases common in Kazakhstan.

— Alians is an early-ripening, promising, universal variety for mechanical harvesting. It is
resistant to diseases and the climatic conditions of Kazakhstan.

— Nerli is a selected variety with excellent taste qualities. A mid-season table potato variety.

These potato varieties were selected based on their significance and promise in recent years, as
well as their recommendations from breeders and farmers.

The potato tubers were selected using stratified sampling to ensure representativeness and
capture all intravarietal variability. The selected varieties included typical tubers selected based on
skin color, size, weight, and shape. Then, based on criteria of visual integrity, maturity, and absence
of damage, the final tubers were selected for analysis. A total of 100 tubers of each variety were
tested — 50 mini-tubers (category IM) and 50 standard seed tubers (categories SSE/SE/E), for a total of
500 tubers.

Mini-tubers are the source material for propagating elite seed potatoes. They are grown in
greenhouses from microclones and are characterized by small tuber size (largest transverse diameter
from 9 to 60 mm), even shape, and uniform skin. Standard tubers are subsequent generations
(SSE/SE/E), intended for field propagation and subsequent planting. They are larger, with the largest
transverse diameter measuring 28-60 mm, and have more pronounced eyes and natural surface
defects. This separation is important when training neural networks, since the visual characteristics
of mini-tubers differ significantly from standard seed tubers and require special adaptation of the
model to subtle morphological differences. The sizes of the largest transverse diameter of mini-tubers
and standard seed tubers meet the requirements of the standard [5].

Color images of each tuber were obtained in three projections, for a total of 1,500 images. This
number corresponds to the minimum sample size required to ensure statistical significance at a
significance level of o = 0.95.

Digital images of tubers were obtained under controlled lighting and background conditions, as
shown in Figure 2. To obtain high-quality images of the objects under study, a stationary vertical
imaging setup was used.

The setup included a Canon EOS 4000D DSLR camera (Canon Inc., Tokyo, Japan) (1), a Benro
SystemGo Plus tripod with a horizontal arm (Benro Image Technology Industrial Co., Ltd., Tanzhou
Town Zhongshan City, China) (2), and a solid blue matte background (3) placed on a flat surface.
This configuration is widely used in machine vision systems, digital sorting of agricultural produce,
and in preparing training samples for subsequent analysis. The Canon EOS 4000D DSLR, equipped
with the EF-S 18-55mm £/3.5-5.6 III lens, captured 18 megapixels of image quality using its APS-C
CMOS sensor (22.3 x 14.9 mm). The camera was set to a focal length of 55 mm to reduce distortion
and enhance detail.

The camera was fixed vertically above the subject using a horizontal tripod arm and a ball head
with a quick-change plate. The shooting mode was set to Manual with manual focus (MF) on the
central area of the subject. Exposure parameters were adjusted experimentally: ISO 100-200, shutter
speed 1/60-1/125 second, aperture {/8 for uniform depth of field.

White balance was set manually using a gray card or the Daylight (5500K) setting. All photos
were saved in RAW format and duplicated as JPEGs for quick viewing. The Benro SystemGo Plus
tripod allowed the camera to be securely fixed above the subject, ensuring stability and repeatability
of shooting conditions. The adjustable height and rotating mechanism of the tripod allowed for
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precise adjustment of the distance between the lens and the subject (approximately 50 cm). A built-
in bubble level was used for leveling the horizon.

Figure 2. Potato tuber imaging workstation.

A plain blue A4 sheet of matte paper with an anti-glare finish served as the background. Blue
was chosen for its high contrast with the color of the tubers and the absence of overlap in the color
spectrum, which facilitated more accurate image segmentation and improved digital processing. A
potato tuber was positioned in the center of the frame, precisely centered within the shooting area.
Each tuber was positioned in the same orientation, ensuring standardization of the images.

The stage was illuminated with diffused daylight and a pair of LED light sources with a color
temperature of 5500K and a color rendering index (CRI) above 90. The fixtures were positioned
symmetrically on both sides at a 45° angle to the subject, providing uniform illumination without
shadows. This approach contributed to improved visual clarity of contours and increased accuracy
of extracted features during digital processing.

Each tuber was captured sequentially, with a two-second shutter release delay to prevent
blurring. After each shot, the images were saved to the camera’s internal memory and then
transferred to a PC using a card reader. All images were tagged with date and sample number and
saved in a separate folder for subsequent analysis. Each potato tuber has been captured three times
from different viewing sides — two opposite sides and from above. Images (960 x 1280 pixels, RGB)
were stored and processed in JPEG format. Sample images for Alians variety are shown in Figure 3.

This configuration ensured standardized imaging conditions and high data reproducibility,
which is especially important for scientific purposes, the development of sorting algorithms, and the
preparation of training samples for computer vision systems. Each variety set consists of 50 potato
tubers; a total of 1500 sample images were included in this study. The sample sets are divided into
training set (70%) and validation set (30%). Image processing was performed in the MATLAB
software environment.
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Figure 3. Images of potatoes of the Alians variety.

2.2. Algorithm for Varietal Identification by Digital Image Analysis and Methodology Explanation

The process of building a digital identification model involves three interrelated stages: creating
an input database, training the model using deep learning approaches, and then evaluating by
identifying new unseen test samples. This approach allows for a more objective assessment of potato
varietal affiliation and the automation of the visual sorting process of planting material. The
developed data processing algorithm is shown in Figure 4.

Input data
Preparation

Edem Zhanaisan

» Variety selection of potatoes
* Image capturing
e Creating test and validation sets

1ans

. N $ SqueezeNet GoogleNet
* Selection of Deep Learning method

* Network parameter tuning . Solver sgdm Adam  RMSprop
e
Model Training Training of networks oldoo 0.0002 0.0003 0.0004
. 0.00025 0.00035 0.0005

,

O ~ccuracy [%]
~—
Precision [%]

A

\/ * Evaluation of Network Performance
T

St | ® Calculating precision metrics

P

Figure 4. An algorithm for identifying the variety of potatoes via a digital method.

The first stage involves collecting and pre-sorting potato tubers; capturing images by variety
and type (mini-tubers and standard seed tubers), and creating training and validation sets. Each
image was acquired under standard lighting and shooting conditions, with a resolution of 960 x 1280
pixels, and an RGB color model. Particular attention was paid to uniform shooting conditions and
precise object centering in the frame, which significantly impacts the accuracy of subsequent
classification. Images undergo initial manual tagging, during which each file is assigned a category
corresponding to the potato variety. In this way, the initial training sample is formed, ensuring
representativeness and complete coverage of intra- and inter-varietal variability.

The validation sets consisted of 30% (450 images) of the total image volume (1500 images).
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The second stage involves choosing and training the deep learning models. Two pre-trained
convolutional neural networks, SqueezeNet and GoogLeNet, implemented in the MATLAB R2023b
environment using the Deep Learning Toolbox package, were used for identifying potato tuber
varieties in our research.

SqueezeNet and GoogLeNet were chosen due to their proven effectiveness in solving problems
of visual classification of agricultural objects, as well as high training speed and adaptability to
transfer learning conditions.

The SqueezeNet network is a lightweight CNN. It is designed with substantially fewer
parameters than other CNN architectures, but it attains similar performance accuracy. The input
image size according to the requirements for SqeezeNet is 227 x 227. SqueezeNet is designed for
applications requiring computational efficiency [34]. In SqueezeNet, the model size is reduced
through the following design alterations: 1 x 1 convolutions for parameter reduction, Fire modules (a
combination of squeeze and expand layers) for efficient feature extraction, and a delayed down-
sampling strategy to retain spatial information. [11]. Given that agricultural product classification
must be both fast and accurate, SqueezeNet's compact architecture ensures robust feature
representations, low-latency inference, minimal computational overhead, and strong performance,
making it suitable for real-time detection.

GoogLeNet is a deep convolutional neural network. It consists of 22 trainable layers and uses an
innovative “Inception modules” architecture, which enables efficient feature extraction at different
scale levels. This structure makes the model robust to variations in potato tuber shape, color, and
texture [18], boasting high-quality feature extraction and the ability to effectively classify visual
objects even with a limited training sample size. GoogLeNet uses 1 input layer, 9 convolutional
layers, 4 pooling layers, 2 normalization layers, 2 fully connected layers, and 1 softmax output layer
responsible for the distribution of class membership probabilities. To adapt the model to the potato
variety identification task, the final layers were fine-tuned. The fully connected layers were replaced
with new ones with several outputs corresponding to the number of varieties being studied. The final
softmax head and classification, necessary for training on the new dataset, were also recreated.

A computer system with an NVIDIA RTX 3070 graphics card (8 GB of VRAM), an Intel Core i7
processor, and 64 GB of RAM was used for training. The average model training time was
approximately 15-20 minutes for the entire training cycle, including augmentation and validation.

Firstly, images were resized respectively to 224 x 224 pixels for the GoogLeNet and 227 x 227
pixels for the SqueezeNet network. Next, the input data is normalized, the color channels are
converted to the standard of the pre-trained model, and structured training and validation
subsamples are generated. A mandatory step is the implementation of dynamic image augmentation,
including random rotations, horizontal reflections, scaling, and shifts aimed at expanding the volume
of data without increasing the number of actual images. These measures allow us to increase the
generalization ability of the model and its robustness to minor distortions of input images that occur
in real production conditions. Scaling was performed while preserving object proportions and
minimizing distortion using the augmentedIlmageDatastore function. This function not only
automatically adjusted the image size but also applied dynamic augmentation, ensuring a high
degree of model generalization.

To increase the variability of the training data and improve the model’s robustness to external
factors (illumination, orientation, and background), the following augmentation scheme was used:

¢ Random horizontal reflections;

¢ Random image rotations from -10° to +10°;

¢ Random scaling in the range from 95% to 105%;

* Offsets along the X and Y axes up to 10 pixels;

¢ Changes in image brightness, contrast, and saturation up to £10%;

¢ Addition of minimal Gaussian noise during the training phase.

This augmentation was performed directly during the training process without saving
intermediate files, which avoided unnecessary load on the file system and accelerated model training.
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2.3. Deep Learning Model Parameters and Training Settings For Identification

The model was trained using three different optimization algorithms: stochastic gradient
descent with momentum (SGDM), the Adam algorithm, and Root Mean Square Propagation
(RMSprop).

SGDM has proven to be robust and stable when working with small volumes of labeled
agricultural data. It maintains a single learning rate (termed alpha) for all weight updates, and the
learning rate does not change during training. A learning rate is maintained for each network weight
(parameter) and separately adapted as learning unfolds.

Adam combines the advantages of two extensions of stochastic gradient descent. Specifically,
the Adaptive Gradient Algorithm (AdaGrad) maintains a per-parameter learning rate that improves
performance on problems with sparse gradients (computer vision problems). Adam is adapting the
parameter learning rates based on the average of the second moments of the gradients (the
uncentered variance).

Root Mean Square Propagation (RMSProp) also maintains per-parameter learning rates that are
adapted based on the average of recent magnitudes of the gradients for the weight. RMSProp adapts
the parameter learning rates based on the average first moment.

Other hyperparameters for training the convolutional neural networks (CNNs), that have been
set in this study, are the Initial Learning Rate and the Learning Rate Drop Factor.

Initial Learning Rate (ILR) is a hyperparameter that determines how much a neural network’s
weights are updated during training. In gradient-based optimization algorithms like stochastic
gradient descent (SGD), the learning rate scales the size of the step taken to adjust weights based on
the computed loss gradient. A higher learning rate means larger weight updates, potentially speeding
up training but risking overshooting optimal values. A lower learning rate leads to smaller, more
precise updates but may require more training iterations to converge. This parameter directly impacts
the balance between training speed and model stability. Choosing an appropriate learning rate is
critical. Developers often experiment with learning rates using grid or random search. Practical
defaults, like 0.001 for Adam or 0.01 for SGD, are often used as starting points. In image classification
tasks with convolutional networks, a mismatched learning rate can lead to underfitting or unstable
training. Adaptive optimizers like Adam dynamically adjust effective learning rates per parameter,
mitigating some manual tuning but not eliminating the need for initial rate selection.

A learning rate drop factor is a hyperparameter used in deep learning to gradually reduce the
learning rate during model training, typically by multiplying the current learning rate by this factor
at specified intervals (after a certain number of epochs). This approach helps the model to make large
updates early on and then finer, more accurate adjustments as it approaches the optimal solution,
preventing overshooting and improving convergence.

This study includes an Initial Learning Rate of 0.0001, 0.0002, 0.00025, 0.0003, 0.00035, 0.0004,
0.0005, and a Learning Rate Drop Factor of 0.1. The models were trained for 30 epochs; the preferred
number was set experimentally.

The training process was monitored using the built-in Experiment Manager tool, which displays
in real time: loss and accuracy curves; overfitting dynamics; model convergence rate; and
classification error distribution.

Finally, at the evaluation step, model validation was performed on a holdout subsample
comprising 30% of the total image database. The proportion of data used for validation was chosen
to ensure a balance between training and quality control of the classification. All training and
validation subsamples were randomly generated, maintaining class proportions (stratified
sampling).

After training was completed, a confusion matrix was constructed, allowing us to analyze which
potato varieties were most susceptible to misclassification and at what stages the discrepancy
between predicted and true labels occurred. Precision and recall metrics were also calculated for each
class.
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The results showed that the proposed model is capable of successfully identifying potato tubers
by variety, providing a high level of accuracy, resistance to augmented distorted images, and
applicability to automated digital sorting tasks.

2.4. Model Evaluation Metrics

The quality of the trained digital identification model for potato tubers was assessed using
standard classification metrics: Accuracy, Recall, Precision, and Confusion Matrix analysis. These
evaluation metrics allow the comprehensive characterization of the model’s classification ability.

The following formulas were used to calculate the metrics:

e Accuracy - proportion of correctly classified images:
TP+TN

A =
A = TP Y TN + FP + FN
e Precision - positive prediction accuracy:

procision — 17
recision = o5
e Recall - fullness (sensitivity):
Recall = e
T TP+ FN

e F1 score — composite metric:

F1 _ Precision X Recall 100, %
score = Precision + Recall ' 70

Where: TP is the number of true positive predictions, FP is the number of false positive

predictions, FN is the number of false negative predictions, and TN is the number of true negative
predictions.

This methodology for sorting potato tubers based on their visual characteristics and machine
vision opens up broad opportunities for integrating this technology into agricultural digitalization
systems.

3. Results

The two pre-trained CNN networks, SqueezeNet and GoogLeNet, were fine-tuned. Models with
different values of the Initial Learning Rate (ILR) parameter were examined. The ILR was set with
the following values: 0.0001, 0.0002, 0.00025, 0.0003, 0.00035, 0.0004, 0.0005. The training of the
networks was performed for 2500 iterations and 30 epochs for each network model. The training
plots, including Training Accuracy and Training Loss graphs for SqueezeNet at Initial Learning Rate
0.0001 with solver Sgdm, are shown in Figure 5.

The training graphs, including the training accuracy and training loss graphs for GoogLeNet at
an initial learning rate of 0.0001 with the Sgdm solver, are shown in Figure 6. It can be seen that even
after the 1400th iteration, the training accuracy for both networks maintains values around 60-70%
and the graphs have stable convergence. From the obtained results, it can be concluded that after the
15th epoch there are no significant changes in the accuracy and loss results, and 30 training epochs
and 2500 iterations are quite sufficient to properly train the networks to recognize the ten potato
varieties of the present study.

Training Plot (Trial 20, Resul1, Expariment1)
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Figure 5. Training Accuracy and Training Loss values for SqueezeNet, solver Sgdm at Initial Learning Rate
0.0001.

Training Plot (Trial 4, Result1, Experiment1)

0 500 1000 1500 2000 2500

i
] 500 1000 1500 2000 2500
Iteration

Figure 6. Training Accuracy and Training Loss values for GoogLeNet, solver Sgdm at Initial Learning Rate
0.0001.

The performance of the networks was evaluated by analyzing the values of Training Accuracy
(TA, %), Training Loss (TL, dimensionless), Validation Accuracy (VA, %), Validation Loss (VL), and
Confusion Matrix.

First, the values for the indicators Training Accuracy, Training Loss, Validation Accuracy, and
Validation Loss when training and validating the SqueezeNet and GoogLeNet networks using the
three Solver algorithms: Sgdm, Adam, and RMSprop were reported. The statistical values of the
parameters, including Average values, Minimum, and Maximum, were calculated and shown in
Table 1.

Table 1. Statistical values of network evaluation indicators.

Value TA, % TL VA, % VL TA, % TL VA, % VL
Solver Sgdm
CNN SqueezeNe SqueezeNe SqueezeNe SqueezeNe GoogLeNe GooglLeNe GooglLeNe GoogLeNe
t t t t t t t t

Min 66.67 0.3835 58.00 0.8368 75.00 0.1760 60.89 0.9216
Max 83.33 0.9584 68.89 1.2417 100.00 0.7141 69.33 1.1974
Averag
e value

72.62 0.5382 64.54 0.9600 89.29 0.3464 66.51 1.0014

Solver Adam
SqueezeNe SqueezeNe SqueezeNe SqueezeNe GoogLeNe GoogLeNe GooglLeNe GoogLeNe

CNN
t t t t t t t t
Min 58.33 0.4516 59.33 0.8351 75.00 0.1760 60.89 0.9216
Max 83.33 0.6989 69.56 1.0831 100.00 0.7141 69.33 1.1974
AVIag ) 05352 6540 0.9316 8929 03464 6651  1.0014
e value
Solver RMSprop
CNN SqueezeNe SqueezeNe SqueezeNe SqueezeNe GoogLeNe GoogLeNe GoogLeNe GoogLeNe
t t t t t t t t

Min 50.00 0.4149 63.33 0.7999 75.00 0.1760 60.89 0.9216
Max 83.33 0.6149 70.22 1.0085 100.00 0.7141 69.33 1.1974
Averag

72.62 0.4879 66.03 0.8947 89.29 0.3464 66.51 1.0014
e value
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The values of TA vary widely between 50% and 100%, those for TL between 0.176 and 0.9584.
The values for VA are between 58% and 70.22%, for VL — between 0.7999 and 1.2417. In general, the
values of the training quality indicators are not completely satisfactory, but several main conclusions
have been drawn. The results show that the SqueezeNet is lightly sensitive to Solver type, while for
the GoogLeNet, the choice of solver is not significant.

For Squiznet, the TA and TL parameters have very close values for all three solvers, while the
validation accuracy varies between 58% and 70.22%, with validation losses of 0.7999-1.2417. The best
in terms of validation accuracy is the Squiznet network with RMSprop — 70.22%, but the TA value for
it is 50-83.3%.

For GoogLeNet all of the evaluation metrics, TA, TL, VA, and VL have the same values using
Sgdm, Adam, and RMSprop. The training accuracy reaches 100%, but the validation accuracy does
not exceed 69.33%, with VL losses up to 1.1974, therefore it ranks second in validation accuracy after
Squiznet with RMSprop.

Next, the influence of the ILR value on Validation Accuracy in %, and Validation Loss was
examined. Figure 7 shows the Validation Accuracy (a) and Validation Loss (c) values for SqueezeNet;
Validation Accuracy (b) and Validation Loss (d) values for GoogLeNet at different Initial Learning
Rates. Results show that the Initial Learning Rate does not significantly influence the Validation
Accuracy for SqueezeNet. It is affecting only the Validation Loss at ILR of 0.005.

For the GoogleNet network, the choice of the ILR parameter is important, it can be seen that the
value 0.00025 is not suitable, since the validation accuracy drops to 61%, and the losses increase to
1.2. The best results are obtained for ILR 0.0003, with the highest validation accuracy and the lowest
validation loss. From the graphical results it can be concluded that on average the best network is
Squeezenet with the PMSProp solver and ILR= 0.0004.

80.00 70.00
70.00

T Sell i
. ‘ | 1 l 1
2 grnnn

0.0001 0.0002 0.00025 0.0003 0.00035 0.0004 0.0005 0.0001 0.0002 0.00025 0.0003 0.00035 0.0004 0.0005
Initial Learning Rate Initial Learning Rate

E N
& 888

Validation Accuracy [%)]
o
3
8

validation Accuracy [%]

&
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Figure 7. Validation Accuracy (a) and Validation Loss (c) values for SqueezeNet; Validation Accuracy (b) and
Validation Loss values (d) for GoogLeNet at different Initial Learning Rates.

The influence of the recognition model on the Recall was also examined with respect to the
varietal identity. Figures 8 show the dependencies between the Recall indicator and the network type,
solver algorithm and ILR for all varieties. Overall results show “Nerli” regular variety as the least
recognized. The Recall values for Nerli do not exceed 42.2% for most models. For the Nerli variety,
only the Google Net network (Figure 8d) with ILR 0.00035 shows better recognition with Recall of
about 68.9%.
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Figure 8. Recall values for SqueezeNet (a,b,c) and GoogLeNet (d) under different network optimization

algorithms.

Confusion matrices were constructed for the validation sample (30% of the total image volume).
It allows for a visual assessment of the distribution of correct and incorrect classifications across
classes. The diagonal of the matrix displays the number of correctly identified varieties, while cases
of misidentification are recorded off-diagonally. Figures 9 and 10 show Confusion matrices for the
two networks that achieved good accuracy indicators for the validation samples, respectively for the
SqueezeNet network, Solver Sgdm, and ILR=0.00025 (Figure 9) and for the GoogLeNet network with
the Sgdm optimization algorithm and ILR=0.0003 (Figure 10).

Confusion matrix

Afians § 1 1 2 =
Alians mini 4 n
s0
Astana 5 1 ]
Astana mini 3 2 1 5 s0
o Edem 3 2 -
E S 10
= Edem mini
Neri ki 4 1% 1 30
Netli miri Lo 1
] 2 “
Zhanaisan
1
Zhanaisan mini .

Predicted

Figure 9. Confusion matrix for validation set for SqueezeNet, Solver Sgdm and ILR= 0.00025.
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Figure 10. Confusion matrix for validation set for GoogLeNet with Solver Sgdm and ILR=0.0003.

An analysis of the confusion matrix revealed that the majority of errors occurred between
varieties with similar tuber shape or color. Such cases require further sample expansion and
refinement of the augmentation steps.

An analysis of Table 2 and the confusion matrix (Figures 9-10) revealed that SqueezeNet and
GoogLeNet networks exhibit different sensitivities to visual varietal characteristics.

Table 2. Experimental results from the validation sample of network evaluation metrics.

Initial
Learnin Accuracy,Precision, Recall,
DNN Solver P 8 t» 1IN FP PN O ¥ o
(ILR)
Alians

SqueezeNet Sgdm  0.00025 26 369 36 19 87.78 4190 57.80
Adam  0.0005 23 372 33 22 87.78 41.10  51.10
RMSprop 0.0004 25 359 46 20 85.33 3520  55.60
GoogLeNet All 0.0003 30 360 45 15 86.67 40.00 66.70

solvers

Alians mini

SqueezeNet  Sgdm  0.00025 29 374 31 16 89.56 48.30  64.40
Adam  0.0005 33 388 17 12 93.56 66.00 73.30
RMSprop 0.0004 31 378 27 14 90.89 53.40  68.90
GoogLeNet All 0.0003 41 366 39 4 90.44 51.20 91.10

solvers

Astana

SqueezeNet  Sgdm 0.00025 33 403 2 12 96.89 9430 73.30
Adam  0.0005 37 404 1 8 98.00 9740  82.20
RMSprop 0.0004 30 405 0 15 96.67 100.00 66.70
GoogLeNet All 0.0003 43 395 10 2 97.33 81.10  95.60

solvers

Astana mini

SqueezeNet Sgdm  0.00025 34 398 7 11 96.00 82.90 75.60
Adam  0.0005 21 403 2 24 94.22 91.30  46.70
RMSprop 0.0004 32 401 4 13 96.22 88.90 71.10
GoogLeNet All 0.0003 33 394 11 12 94.89 75.00 73.30

solvers

Edem
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SqueezeNet  Sgdm 0.00025 40 388 17 5 95.11 70.20  88.90
Adam  0.0005 27 401 4 18 95.11 87.10  60.00
RMSprop 0.0004 40 391 14 5 95.78 74.10 88.90
GoogLeNet All 0.0003 25 401 4 20 94.67 86.20  55.60
solvers
Edem mini
SqueezeNet Sgdm  0.00025 34 381 24 11 92.22 58.60 75.60
Adam  0.0005 33 386 19 12 93.11 63.50 73.30
RMSprop 0.0004 31 391 14 14 93.78 68.90  68.90
GoogLeNet All 0.0003 16 405 0 29 93.56 100.00  35.60
solvers
Nerli
SqueezeNet  Sgdm  0.00025 16 394 11 29 91.11 59.30  35.60
Adam  0.0005 31 377 28 14 90.67 5250  68.90
RMSprop 0.0004 16 395 10 29 91.33 61.50  35.60
GoogLeNet All 0.0003 19 390 15 26 90.89 55.90  42.20
solvers
Nerli mini
SqueezeNet Sgdm  0.00025 20 402 3 25 93.78 87.00  44.40
Adam  0.0005 29 398 7 16 94.89 80.60  64.40
RMSprop 0.0004 34 402 3 11 96.89 91.90 75.60
GoogLeNet All 0.0003 31 400 5 14 95.78 86.10  68.90
solvers
Zhanaisan
SqueezeNet Sgdm  0.00025 39 401 4 6 97.78 90.70 86.70
Adam  0.0005 36 402 3 9 97.33 92.30  80.00
RMSprop 0.0004 37 396 9 8 96.22 80.40 82.20
GoogLeNet All 0.0003 33 405 0 12 97.33 100.00  73.30
solvers
Zhanaisan mini
SqueezeNet Sgdm  0.00025 39 400 5 6 97.56 88.60 86.70
Adam  0.0005 43 382 23 2 94.44 65.20  96.60
RMSprop 0.0004 40 398 7 5 97.33 85.10 88.90
GoogLeNet All 0.0003 41 396 9 4 97.11 82.00  91.10
solvers

High metric values for Accuracy, Precision, and Recall for varieties Astana and Zhanaisan
confirm the model’s robustness and its ability to correctly process images of new, previously unseen
potato tubers, but other varieties have not achieved such high values. This means that for the varieties
Alliance, Eden, and Nerli, further experimental tests with other networks are needed to achieve
satisfactory identification accuracy.

The most consistent results were obtained for the Astana and Zhanaisan varieties, where
recognition accuracy exceeded 97%. This is explained by their distinct morphological features—a
smooth oval shape and uniform skin color.

Meanwhile, the Nerli variety, and partially the Alians variety, demonstrated the lowest accuracy
(up to 85-90%) due to similar color shades and the uneven surface of the tubers.

The confusion matrix plots show that the majority of classification errors occur between the
Alians-Edem and Nerli-Nerli mini varieties, confirming the need to increase the training set and use
additional features (e.g., skin texture and microrelief).
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4. Discussion

The summarized data of the developed models and the evaluation of the best models in terms
of the accuracy of predicting the variety of potatoes with validation samples are presented in Table
3.

Table 3. Evaluation indicators of the best developed models for potato varieties.

Validation set

Potato Precisio
variety CNN model Accuracy n Recall Fl-score
Alians  STUCCRENEL SBUMgr7g 4190 5780 485
Googﬁi?{ig‘ggozdvers’ 8667 4000 6670  50.01
Anlliiiﬂs Sq“iﬁ?j)'?gg)gsm’ 9356  66.00 7330  69.46
Googﬁiﬁig‘ggozdvers’ 9044 5120 9110 6556
Astana Squiie:)]f&’)gsam’ 98.00 9740 8220  89.16
Googﬁiﬁig‘ggozdvers’ 9733 8110 9560 87.76
Ai;?a Squeeiiﬁfgéz%/fpmp’ 9622 8890 71.10  79.01
Googﬁiﬁig‘ggozdvers’ 9489 7500 7330  74.14
Edem Squee?igf(;’. ;ﬁsf’mp’ 9578 7410 8890  80.83
Googﬁiﬁig‘ggozdvers’ 9467 8620 5560  67.60
Ejﬁ? Squeeﬁﬁfg.;ﬁsm‘m’ 9378 6890 6890  68.90
Googﬁiﬁig‘ggozdvers’ 93.56 10000 3560 5221
Nerli Sq“‘iigi’)gsam’ 90.67 5250 6890  59.59
Googﬁigig‘ggozdvers’ 90.89 5590 4220  48.09
Tn‘j:: Squeeﬁﬁfg.;ﬁff’mp’ 96.89 9190 7560  82.96
Googﬁigig‘ggozdvers’ 9578 8610 6890 7655
Zh:zais Sq“‘;;;eig%tbggdm' 97.78 9070 8670  88.65
Googﬁigig‘ggozdvers’ 97.33 10000 7330  84.59
f:i;‘zf Sq“‘;;;eig%tbggdm’ 9756  88.60 8670  87.64
Googﬁigig‘ggozomrs’ 9711 8200 9110 8631
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The analysis (Table 3) showed that both neural network architectures are applicable for
developing automated systems for identifying tuber conformity with specific variety traits and
sorting them in real-world conditions.

SqueezeNet provides high accuracy with minimal computational resources, making it suitable
for integration into portable devices and automated sorting lines.

GoogleNet, with its deeper structure, demonstrates better robustness to changes in illumination
and tuber orientation, but requires more training time.

Practical application of such models is possible in seed potato production facilities, where rapid
varietal identification and rejection of non-matching tubers is necessary.

5. Conclusions

With the growth of potato production in Kazakhstan, the development and implementation of
digital technologies that improve grading productivity is a very relevant issue. The classification of
potatoes, as well as of all agricultural products, requires repeatability and interpretability, so the
introduction of modern technologies such as Deep learning methods in the sorting and grading
process would lead to an increase in productivity and quality as a whole.

SqueezeNet and GoogLeNet have proven to be well-suited models for agricultural classification
tasks, therefore, these two networks were included in the study. They were retrained and different
network settings were tested.

When analyzing the results for the ten studied varieties, several varieties were identified for
which high recognition accuracy was obtained (Astana, Zhanaisan and Zhanasyan mini), those that
are not identified very well (Alliance, Alliance mini, Astana mini, Edem) and one variety that is
poorly recognizable - Nerli variety.

Thus, the proposed digital identification algorithm and deep learning models — SqueezeNet and
GoogLeNet demonstrated potential efficiency in classifying potato tubers by variety. The possibility
of practical application of this methodology in systems with sorting tasks, automated quality control,
and digital monitoring of seed material is good.

The analysis concludes that the combination of SqueezeNet (RMSprop, ILR=0.0004) and
GoogLeNet (Sgdm, ILR=0.0003) provides an optimal balance of accuracy and robustness in
recognizing Kazakhstani potato varieties.

For the Astana and Zhanaisan varieties, accuracy rates exceeding 97% were achieved, making
the models suitable for use in digital potato tuber sorting systems.

For the Nerli and Alians varieties, further network training on a larger sample, including a wider
range of color variations, is recommended.

Overall, the proposed approach demonstrates the applicability of deep neural networks for
creating digital characteristics for Kazakhstan varietal seed potato tubers and minitubers and for
automating sorting processes.
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