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Image classification using PyTorch and Core ML 
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Abstract 

The aim of the study was to compare different machine learning models trained using the PyTorch library in Python and 

the Core ML library in the Create ML tool. In the case of PyTorch, using transfer learning on a pre-trained ResNet50 

model, data augmentation and normalization, four models were trained on two various data sets, achieving accuracy, 

precision, recall and F1 score above 80%. Four identical models were trained on the same data sets in the Create ML tool, 

and the conversion of the PyTorch models to the Core ML format allowed for a reliable comparison. This also emphasizes 

the effectiveness of conversion using the coremltools library, while maintaining model performance. The study empha-

sizes the key role of dataset quality and techniques for improving dataset quality. 
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Streszczenie 

Celem badania było porównanie różnych modeli uczenia maszynowego wytrenowanych przy użyciu biblioteki PyTorch 
w Python i biblioteki Core ML w Create ML. W przypadku PyTorch wykorzystując uczenie transferowe na wstępnie 
wytrenowanym modelu ResNet50, rozszerzenie i normalizację danych, cztery modele zostały wytrenowane na dwóch 
różnych zestawach danych, osiągając dokładność, precyzję, czułość i wynik F1 na poziomie przekraczającym 80%. Na 

tych samych zbiorach danych wytrenowano cztery tożsame modele w narzędziu Create ML, a konwersja modeli PyTorch 

do formatu Core ML pozwoliła na ich wiarygodne porównanie. Podkreśla to również skuteczność konwersji przy użyciu 
biblioteki coremltools, zachowując wydajność modelu. Badanie podkreśla kluczową rolę jakości zbioru danych i technik 

poprawy jakości zbioru danych. 
Słowa kluczowe: klasyfikacja obrazów; Core ML; PyTorch; rozpoznawanie obrazów 
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1. Introduction 

Machine learning, especially Convolutional Neural Net-

works (CNNs), has become an indispensable tool in im-

age analysis tasks [1-3]. These models are widely used in 

fields such as medicine [1, 4-7], agriculture [8], and in-

dustry [9], where they support automation, enhance deci-

sion-making, and reduce the risk of human error. For ex-

ample, in medicine, CNN-based systems enable early de-

tection of pathological changes in radiological or derma-

tological images, often identifying conditions that are dif-

ficult for the human eye to detect. In agriculture, machine 

learning facilitates plant disease recognition and crop 

monitoring, while in industry, CNNs improve quality 

control by identifying production defects with high accu-

racy and speed. 

One of the key challenges in developing image clas-

sification models is achieving high performance while 

minimizing training time and computational complexity. 

Transfer learning has emerged as an effective solution, 

allowing developers to reuse pre-trained models – such 

as ResNet50 trained on ImageNet adapting them to spe-

cific tasks with significantly reduced resource require-

ments. Another critical factor influencing model perfor-

mance is the quality of the training dataset. Techniques 

such as data augmentation and normalization enhance da-

taset diversity, improve generalization, and reduce over-

fitting [9, 10]. 

To evaluate model effectiveness, standard metrics in-

cluding precision, recall, F1 score, and accuracy are used. 

These metrics allow for comprehensive assessment and 

ensure comparability between different approaches. With 

the growing power of mobile devices and dedicated ML 

hardware, deploying advanced image classification mod-

els on consumer devices is increasingly feasible [11, 12]. 

This paper investigates the practical application of 

modern machine learning frameworks – PyTorch and 

Core ML – for image classification. The study focuses on 

two datasets: Weather Image Recognition and Rice Im-

age Dataset. Models were trained using transfer learning 

with a pre-trained ResNet50 in PyTorch and via Apple’s 
Create ML tool. PyTorch models were also converted to 

Core ML format using the coremltools library, allowing 

a reliable comparison of performance and the impact of 

model conversion. 

The research hypotheses of this study are as follows: 

H1: Machine learning models trained in the recogni-

tion of weather images achieve high accuracy of at least 

85% in classifying weather conditions in images using 

PyTorch and Core ML libraries. 

H2: Machine learning models trained on a rice image 

dataset achieve high accuracy of at least 85% in classi-

fying different types of rice grains using PyTorch and 

Core ML libraries. 

mailto:jakub.slusarski@pollub.edu.pl


Journal of Computer Sciences Institute 36 (2025) 303-311 

 

304 

H3: Converting the model from PyTorch to Core ML 

does not negatively affect the model's performance and 

accuracy. 

H4: Models created with PyTorch framework and 

converted to Core ML format achieve better results than 

models created with Create ML. 

2. Related work 

Convolutional neural networks (CNNs) are widely ap-

plied in medical image analysis, offering significant im-

provements in diagnostic accuracy [1]. Their applications 

include segmentation, abnormality detection, disease 

classification, and computer-aided diagnosis. For exam-

ple, CNNs achieved above 98% accuracy in Alzheimer’s 
detection and up to 91% Dice score in brain tumor seg-

mentation, surpassing traditional machine learning (ML) 

methods. Key challenges such as limited labeled data and 

computational demands are mitigated using transfer 

learning and data augmentation [1, 4]. 

As shown in [4], deep learning (DL) – particularly 

CNNs – has become a dominant method in medical im-

age tasks such as classification, segmentation, and object 

detection across domains including neurology, ophthal-

mology, pathology, cardiology, and many more. How-

ever, issues like data scarcity and model interpretability 

remain relevant. 

In agriculture, DL also outperforms classical models 

like SVMs and random forests in accuracy and effi-

ciency, though it depends heavily on large datasets [8]. 

Transfer learning and augmentation are effective reme-

dies. Similarly, [13] highlights that ML excels in struc-

tured data tasks (e.g., finance, marketing), while DL is 

better suited to unstructured data (images, text, audio), 

albeit at a higher computational cost. 

In food image analysis, CNN-based approaches 

achieve superior results in tasks like ingredient recogni-

tion, food type classification, and portion estimation [9]. 

Transfer learning enhances accuracy and reduces training 

time, while techniques like augmentation and semi-su-

pervised learning help address issues like overfitting and 

limited data. Complementary studies [14] confirm the 

strengths of models like YOLOv5 in balancing accuracy 

and inference speed, whereas two-stage detectors (e.g., 

Faster R-CNN) offer higher precision. These works em-

phasize the importance of optimizing data and model ar-

chitecture for specific applications. 

Deep learning models also prove more robust than 

traditional ML in insect identification and environmental 

monitoring, offering automated feature extraction and 

scalability with large datasets [15]. In geological applica-

tions, CNNs trained on carbonate rock images show that 

dataset size significantly affects performance – larger da-

tasets (104,306 images) yield the best accuracy, while 

small datasets (7,000 images) lead to overfitting despite 

using transfer learning [10]. 

The role of attention mechanisms in computer vision 

is explored in [16, 17], categorizing them into spatial, 

channel, temporal, and branch-based types. These mech-

anisms improve tasks such as classification, segmenta-

tion, face recognition, and 3D vision, offering a powerful 

alternative or enhancement to CNNs, especially for large-

scale or complex datasets. 

While CNNs dominate, [18] presents Extreme Learn-

ing Machines (ELMs) as a simplified and efficient alter-

native to methods like SVMs and FNNs. ELMs avoid is-

sues like local minima and slow convergence, and are ef-

fective even on noisy or imbalanced datasets, especially 

when paired with parallel hardware implementations. 

The comparison between Vision Transformers (ViTs) 

and CNNs in [19] shows that ViTs outperform CNNs on 

small, noisy datasets due to their self-attention mecha-

nism, achieving over 96% accuracy in pneumonia detec-

tion. However, CNNs remain more efficient with larger 

datasets and lower hardware requirements. Hybrid ViT-

CNN models show up to a 10% improvement in accu-

racy. 

Mobile deployment of DL models is discussed in [20, 

21]. In [20], a TensorFlow/Keras model (fine-tuned In-

ceptionV3) was converted to CoreML for iOS food 

recognition, achieving nearly 87% top-1 and over 97% 

top-5 accuracy, running fully offline with fast prediction 

times. In [21], a GoogLeNet-based model trained with 

extensive augmentation achieved over 98% accuracy on 

chest X-rays, converting successfully for iOS use via 

CoreML. 

Finally, [22, 23] reinforce the importance of transfer 

learning, especially when large datasets are unavailable. 

Techniques like fine-tuning, augmentation, and evolu-

tionary algorithms enhance model accuracy and general-

ization. Recent advancements, including attention mech-

anisms, transformer-based models, and AutoML ap-

proaches, continue to push the boundaries of CNN per-

formance, scalability, and interpretability. 

3. Materials and methods 

The aim of the study is to evaluate the effectiveness and 

efficiency of models in classifying weather and rice im-

ages trained using different techniques, as well as to eval-

uate the effectiveness of converting models from .pth for-

mat (PyTorch model) to .mlmodel (Core ML model). The 

following models were prepared for this purpose (see Ta-

ble 1): 4 models created in PyTorch, 4 models converted 

from PyTorch to Core ML, 4 models created in Create 

ML. The models created in PyTorch were trained using 

transfer learning with the pre-trained CNN ResNet50 

model. The study consisted of the following stages: 

• data preparation which included splitting the datasets 

into two sets in the proportion of 80% (training) 20% 

(testing), and then subjecting the 80% set to the aug-

mentation process, 

• training four models on two datasets with and without 

augmentation using the transfer learning method in 

Python with the PyTorch library using the pre-trained 

ResNet50, 

• model conversion of the four trained models from 

PyTorch to Core ML using the coremltools library, 

• conversion of the four trained models from PyTorch 

to Core ML using the coremltools library, 

• training the 4 models in Create ML, 

• testing the generated 12 models, 
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• comparing the performance of the PyTorch models 

before and after conversion with models created with 

Create ML. 

Table 1: Names of the created models 

Model 

name 
Dataset Source Training time 

PyR Rice PyTorch 7h  

(~12m epoch) 
PyRA Rice - aug-

mented 
PyTorch  40h  

(~2h epoch) 
PyW Weather PyTorch 17m  

(~1m epoch) 
PyWA Weather - 

augmented 
PyTorch 5h 10m (~10m 

epoch) 
PyRC Rice PyR converted to 

Core ML 
18s (conversion) 

Py-

RAC 
Rice - aug-

mented 
PyRA converted 

to Core ML 
20s (conversion) 

PyWC Weather PyW converted 

to Core ML 
10s (conversion) 

Py-

WAC 
Weather - 

augmented 
PyWA converted 

to Core ML 
15s (conversion) 

CoreR Rice Create ML 23m  

(~48s epoch) 
CoreR

A 
Rice - aug-

mented 
Create ML  - (out of memory) 

CoreW Weather Create ML 1m  

(~3s epoch) 
CoreW

A 
Weather -

augmented 
Create ML 20m 

(~30s epoch) 

3.1. Research stand 

The test bench consists of devices and tools used to eval-

uate the performance of the trained models. All models 

were trained on a 2020 MacBook Pro with an M1 proces-

sor and 8 GB RAM. Models in .mlmodel format were 

created in Create ML using the Core ML library and 

transfer learning. Python-based models were built using 

PyTorch with a pre-trained ResNet50 and also used trans-

fer learning. These were converted to Core ML format 

(precision: FLOAT32, target: iOS 16) via the coremltools 

library, enabling a reliable comparison with models cre-

ated directly in Core ML. The model input parameters 

were retained in accordance with the training process: 

scaling, bias, RGB/CHW layout. To improve accuracy 

and numerical stability, the following were applied: logit 

normalization, stable softmax. After conversion, the 

model was automatically tested on a test set. 

Model evaluation was performed using Python 

scripts, which automatically process test datasets 

(weather and rice) to assess performance on previously 

unseen data. Metrics such as accuracy, precision, sensi-

tivity, and F1 score were calculated to provide a compre-

hensive analysis of model effectiveness. 

3.2. Datasets and data preparation 

The models were trained on two datasets. The first, the 

Rice Image Dataset [24], contains 75,000 images of five 

rice varieties: Caracadag, Ipsala, Jasmine, Arborio, and 

Basmati—15,000 images per class. Each image 

(250×250 px) shows a single grain on a uniform back-
ground, which facilitates accurate visual analysis and im-

proves model performance. 

The second dataset, Weather Image Recognition [25], 

consists of 6,862 images across 11 weather-related clas-

ses: dew, fog/smog, frost, glaze, hail, lightning, rain, 

rainbow, rime, sandstorm, and snow. The dataset is im-

balanced, and the images vary in resolution and aspect 

ratio, which may negatively impact model accuracy. 

Both datasets were split into 80% training, 20% testing 

sets and extraction of 20% from the training data for val-

idation purpose. To improve model performance, the im-

ages were preprocessed through normalization (resizing 

to 244×244 px and scaling pixel values to [0,1]) and aug-
mentation using the Albumentations library [26]. Tech-

niques included horizontal flipping (p=0.5), brightness, 

contrast, saturation and hue (ColorJitter) adjustment, ro-

tation, cropping and scaling. Each image was augmented 

10 times, increasing the Rice dataset from 60,000 to 

600,000 images and the Weather dataset from 5,485 to 

54,850. 

3.3. PyTorch model 

The model was built in PyTorch using the ResNet-50 

[27] architecture pre-trained on ImageNet. To adapt it for 

specific tasks, the original final layer was replaced with 

a custom classifier matching the number of target classes 

and included dropout to prevent overfitting, with the fol-

lowing sequence: linear layer (input - 256), ReLU, Drop-

out (p = 0.5), linear layer (256 - number of classes). The 

pre-trained layers were frozen to retain learned features. 

Training process was performed using the CrossEn-

tropyLoss function, batch size 32 and the Adam opti-

mizer (learning rate: 0.001), with early stopping after five 

epochs without validation improvement. After training, 

the model was converted to Core ML format using the 

coremltools library (see Listing 1). 

Listing 1: Model conversion from .pth to .mlmodel 

 

3.4. Create ML Model 

The model was developed in Xcode using the Create ML 

tool, which leverages the Core ML framework for image 

classification tasks. It uses VisionFeaturePrint_Screen, a 

pre-trained neural network from Apple’s Vision frame-
work, optimized for efficient and high-performance im-

age recognition on iOS and macOS. This feature extrac-

tor is designed to identify visual patterns such as textures, 

shapes, and object structures, providing a strong founda-

tion for transfer learning. 

In Create ML, only the final classification layers are 

trained, while the feature extraction layers of VisionFea-

turePrint_Screen remain unchanged. This approach al-

lows for effective training on custom datasets – such as 

weather condition images or rice grain varieties – while 

significantly reducing training time and computational 

effort. 

After training, the model was exported to the 

.mlmodel format, ensuring easy deployment on Apple 
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platforms. Create ML automatically evaluates the 

model’s performance, confirming its high classification 
accuracy and suitability for real-world applications. Due 

to Apple’s on-device optimizations, the model offers fast 

inference and low resource usage, making it ideal for 

real-time applications on iOS and macOS devices. 

3.5. Testing and evaluation 

After each epoch, the following metrics were recorded: 

training and validation loss, accuracy for both sets. The 

model with the best validation result was automatically 

saved. Predictions and class labels were also saved for 

further analysis (confusion matrices). The trained models 

were tested, and their performance was evaluated using 

four standard metrics: accuracy, precision, recall, and F1 

score [28]. 

4. Results 

The evaluation of the models on the Weather Image 

Recognition and Rice Image Dataset demonstrates the ef-

fectiveness of using machine learning models in three 

forms: original PyTorch models, PyTorch models con-

verted to Core ML, and models created directly in Create 

ML. The assessment metrics included accuracy, preci-

sion, recall, and F1 score, providing a comprehensive 

comparison between these approaches.  

4.1. Model training procedure 

The models demonstrated stable and consistent learning 

throughout training. Without augmentation, the weather 

classification model reached high accuracy after 39 iter-

ations (Figure 1), while the augmented version converged 

faster (Figure 2). Similar accuracy and loss patterns were 

observed in other runs (Figures 3-6), confirming the ro-

bustness of the training process. 

 

Figure 1: Training and validation accuracy on model trained in Create 

ML with weather dataset. 

 

 

Figure 2: Training and validation accuracy on model trained in Create 

ML with augment weather dataset. 

 

Figure 3: Training and validation accuracy on model trained with 

PyTorch and rice dataset. 

 

Figure 4: Training and validation loss on model trained with PyTorch 

and rice dataset. 

 

Figure 5: Training and validation accuracy on model trained with 

PyTorch and augmented rice dataset. 

 

Figure 6: Training and validation loss on model trained with PyTorch 

and augment rice dataset. 
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4.2. Weather Image Model Evaluation 

For the weather image classification task (see Table 2), 

models trained with data augmentation (PyWA, PyWAC, 

CoreWA) consistently outperformed those trained with-

out it (PyW, PyWC, CoreW). The highest accuracy, 

89.11%, was achieved by the PyWA model, closely fol-

lowed by PyWAC with 89.04%. Both models also ex-

ceeded 90% in precision, recall, and F1 score, indicating 

strong generalization capabilities. 

In contrast, models trained without augmentation 

(PyW, PyWC, CoreW) achieved slightly lower results, 

with accuracy values around 85%, and correspondingly 

consistent precision, recall, and F1 scores. These findings 

confirm that data augmentation has a positive impact on 

classification performance, supporting hypothesis H1 – 

that machine learning models trained for weather classi-

fication can achieve an accuracy of at least 85%. 

 

4.3. Confusion Matrices Analysis 

The confusion matrices (Figures 7-8) provide deeper in-

sights into the performance of PyTorch models before 

conversion to Core ML, illustrating both classification 

accuracy and areas of misclassification. Figure 7 presents 

the results of the model trained without data augmenta-

tion (PyW). While the model performs well across most 

weather categories, it shows notable misclassifications 

between visually similar classes, such as glaze and frost, 

as well as sandstorm and fog/smog, suggesting difficul-

ties in distinguishing subtle visual differences. 

 

 

 
Figure 7: Confusion matrix from PyTorch model on weather dataset. 

 

In contrast, Figure 8 shows the 

 performance of the model trained with data augmen-

tation (PyWA). The application of augmentation tech-

niques leads to improved generalization and a reduction 

in misclassification errors, particularly in categories like 

glaze, frost, and hail.  

These results clearly indicate that data augmentation 

contributes to higher classification accuracy by improv-

ing the model’s ability to generalize to variations in light-
ing, angles, and weather conditions. The augmented 

model (PyWA) consistently outperforms the non-aug-

mented one (PyW), thus supporting hypothesis H1, 

which states that machine learning models trained for 

weather classification can achieve an accuracy of at least 

85%. 

 

 
Figure 8: Confusion matrix from PyTorch model on augment weather 

dataset. 

 

4.4. Rice Image Model Evaluation 

For the rice classification task (see Table 2), models 

trained with data augmentation (PyRA, PyRAC) showed 

slight improvements over those without augmentation 

(PyR, PyRC), although overall performance was already 

exceptionally high. The highest accuracy, 98.56%, was 

achieved by PyRAC, followed closely by PyRA at 

98.51%, indicating that augmentation had a limited but 

noticeable impact. 

Models without augmentation also performed very 

well, with accuracy around 98%, suggesting that the high 

quality and uniformity of the dataset enabled strong clas-

sification results regardless of additional training tech-

niques. These findings confirm hypothesis H2, as all 

models surpassed the 85% accuracy threshold in classi-

fying different rice grain types. Unlike the weather clas-

sification task, where augmentation significantly boosted 

performance, here its effect was marginal – supporting 

the notion that augmentation is most beneficial when 

dealing with datasets characterized by high visual varia-

bility rather than standardized image conditions. 

 

4.5. Confusion Matrices Analysis 

The confusion matrices (Figures 9-10) provide additional 

insight into the performance of PyTorch models before 

Core ML conversion. 

Figure 9 (PyR) shows high classification accuracy 

with minimal misclassifications across all rice varieties, 

reflecting the dataset’s uniform structure. In Figure 10 
(PyRA), data augmentation slightly improves the 

model’s ability to distinguish between similar rice types, 

though the overall impact is limited due to the dataset’s 
already high quality. 
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Figure 9: Confusion matrix from PyTorch model on rice dataset. 

 

 

 
Figure 10: Confusion matrix from PyTorch model on augment rice da-

taset. 

4.6. Impact of Conversion to Core ML 

A critical part of the evaluation was assessing the effect 

of converting PyTorch models to Core ML and compar-

ing them with models trained directly in Create ML. The 

goal was to determine whether conversion impacted per-

formance and whether PyTorch-trained models retained 

their accuracy after being adapted for deployment on Ap-

ple devices. The results show no significant difference in 

performance between the original PyTorch models 

(PyW, PyWA, PyR, PyRA) and their Core ML counter-

parts (PyWC, PyWAC, PyRC, PyRAC). Both versions 

produced consistent accuracy, precision, recall, and F1 

score metrics, supporting H3, which states that convert-

ing PyTorch models to Core ML does not negatively af-

fect classification performance. 

The confusion matrices (Figures 11-14) further con-

firm that PyTorch-trained models perform nearly identi-

cally before and after conversion, maintaining their abil-

ity to differentiate between classes effectively. 

 
Figure 11: Confusion matrix from converted PyTorch model to Core 

ML on weather dataset. 

Figure 11 (PyWC) maintains classification accuracy 

similar to PyW, reinforcing that conversion does not de-

grade model performance. Figure 12 (PyWAC) performs 

equally well as with PyWA, demonstrating that data aug-

mentation remains beneficial even after conversion. Fig-

ure 13 (PyRC) retains the high classification accuracy of 

PyR, confirming that conversion does not introduce er-

rors or degradation. Figure 14 (PyRAC) shows minor im-

provements in classification consistency, aligning with 

PyRA’s results. These findings validate H3, proving that 

converting models from PyTorch to Core ML does not 

negatively impact performance and that models retain 

their accuracy after conversion. 

Figure 12: Confusion matrix from converted PyTorch model to Core 

ML on augment weather dataset. 

 
Figure 13: Confusion matrix from converted PyTorch model to Core 

ML on rice dataset. 
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Figure 14: Confusion matrix from converted PyTorch model to Core 

ML on augment rice dataset. 

 

4.7. Comparison with Create ML Models 

Comparing PyTorch-trained and converted models 

(PyWC, PyWAC, PyRC, PyRAC) with Create ML-

trained models (CoreW, CoreWA, CoreR, CoreRA) con-

firms that PyTorch-trained models consistently outper-

form Create ML models, particularly in weather classifi-

cation. 

For weather classification, PyWAC (89.04%) and 

PyWC (85.34%) achieved higher accuracy than CoreWA 

(87.06%) and CoreW (86.39%), reinforcing hypothesis 

H4. For rice classification, PyRAC (98.56%) and PyRC 

(98.02%) outperformed CoreR (95.03%), showing that 

PyTorch-trained models provided greater accuracy. Cre-

ate ML models struggled more with classifying similar 

rice varieties, though the highly structured dataset mini-

mized major discrepancies. 

These findings confirm that training models in PyTorch 

before converting them to Core ML results in better per-

formance than training directly in Create ML, particu-

larly for complex datasets like weather classification. 

Create ML remains a viable alternative for simpler tasks 

but lacks the fine-tuned optimization and transfer learn-

ing advantages of PyTorch. 

4.8. Hypothesis Verification 

The results confirm all hypotheses: 

• H1 & H2: PyTorch and Core ML models achieved 

over 85% accuracy in classifying both weather con-

ditions and rice grains, 

• H3: Conversion from PyTorch to Core ML did not 

degrade performance, as PyWC/PyWAC and 

PyRC/PyRAC performed similarly to their original 

PyTorch versions, 

• H4: PyTorch-trained and converted models outper-

formed Create ML models, particularly in weather 

classification, where PyWAC (89.04%) exceeded 

CoreWA (87.06%), 

• The positive impact of data augmentation further re-

inforces the benefits of this preprocessing technique 

in improving classification outcomes. 

 

Table 2: Results of all models 

Model 

name 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1 

Score 

(%) 

PyR 98.12 98.13 98.12 98.12 

PyRA 98.51 98.51 98.51 98.51 

PyW 85.27 86.30 84.46 84.99 

PyWA 89.11 90.29 89.09 89.63 

PyRC 98.02 98.03 98.02 98.02 

PyRAC 98.56 98.57 98.57 98.57 

PyWC 85.34 86.35 84.51 85.03 

PyWAC 89.04 90.34 89.05 89.63 

CoreR 95.03 95.6 95.2 95 

CoreRA n/a n/a n/a n/a 

CoreW 86.39 86.9 86.54 86.45 

CoreWA 87.06 87.45 87.18 87.45 

5. Conclusions 

The PyTorch framework proved to be a good tool for 

training models, and when combined with the corem-

ltools library, it allows lossless conversion to a Core ML 

format. On the other hand, models trained on the same 

data in Create ML achieved similar results as in the case 

of weather data without data augmentation, with a differ-

ence of 1.05% accuracy in favor of the version created 

directly in Core ML format. The PyTorch model trained 

on rice data achieved 2.99% better accuracy, and 1.98% 

better accuracy with augmented weather data. Unfortu-

nately, it was not possible to train the model on aug-

mented rice data because the Create ML program used up 

huge amounts of RAM, crashing the entire process which 

was possible in the Python environment. 

The model trained on the Weather Image dataset sub-

jected to augmentation achieved better results in the met-

rics: accuracy, precision, recall and F1 score by an aver-

age of 4%-5% showing how important the quality of the 

dataset can be in model performance. The model's images 

had different sizes, resolutions, aspect ratios, and the key 

elements in these images had different sizes and align-

ments, which the augmentation handled well improving 

the results. The model trained on the Rice Image set is an 

example of a high-quality dataset. The model without 

augmentation achieved a very high score, and augmenta-

tion alone did not significantly improve. This is due to 

the fact that each image contains a single grain of rice, 

keeping the background, lighting and position of the sub-

ject in the frame uniform. By applying the early stopping 

mechanism to prevent overfitting, we can see that, using 

the example of Pytorch model graphs (see Figure 3-6) on 

rice data, the number of epochs needed to train the model 

has decreased from 35 to 20 after data augmentation. 
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