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Abstract 

Manual date harvesting and sorting remain labor-intensive and error-prone, particularly when distinguishing 

intermediate ripeness stages such as Rutab. We present an image-based classification pipeline for the Berhi cultivar 

that assigns fruit to three ripeness stages—Khalal, Rutab, and Tamar—using compact deep structures and training 

strategies suited to small datasets. Rather than relying on generative or adversarial methods, our approach 

emphasizes (i) careful augmentation (classical transforms, automated policies, and sample-mixing), (ii) transfer and 

self-supervised pre-training, and (iii) embedding- and metric-learning alternatives, with ensembles and test-time 

augmentation used as optional accuracy/robustness boosters. On a 150 image dataset (50 images per class) evaluated 

with 5-fold cross-validation, a ResNet18 baseline reaches about 95% average accuracy. Automated augmentation 

combined with MixUp/CutMix improves accuracy to 97%, and self-supervised pre-training plus advanced 

augmentation and ensembling attain peak performance near 98%. Improvements are most pronounced for the 

visually ambiguous Rutab class. We also report practical robustness measures (common corruptions, geometric 

stability, and calibration), which show that augmentation and pre-training substantially increase stability under 

realistic input variability. These results indicate that, for small and visually subtle datasets, augmentation and pre-

training—rather than synthetic data generation—offer a pragmatic path to high accuracy and robust behavior. 

Keywords: Date fruit, Ripeness, Deep learning, Self-supervised learning, Metric learning, Robustness. 

 

1. Introduction 

In the current era of the Fourth Agricultural Revolution, artificial intelligence and machine vision have emerged to 

increase productivity, reduce waste, and ensure quality throughout the food supply chain (Kamilaris and Prenafeta-

Boldú, 2018). Dates (Phoenix dactylifera L.), as an important horticultural crop, are no exception. This fruit is 
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considered a vital commodity not only because of its high nutritional value but also because of its significant 

economic importance in many regions. However, post-harvest processes, especially grading according to ripeness 

stages, are often performed manually. This traditional method is not only slow, costly, and laborious, but also prone 

to inconsistencies and errors due to fatigue and subjective judgment of workers (Zhu et al., 2017). These methods 

typically involved manual extraction of engineered features such as color (in HSV or L*a*b* color spaces), texture 

(such as gray-level co-occurrence matrix), and morphological features, which were then fed into classical classifiers 

such as support vector machines (SVM) or artificial neural networks (ANN) (Jahrami et al., 2019). Although these 

methods were a step forward, they were often fragile against light variations, variation between cultivars, and 

complex overlap of features between ripening stages. In recent years, deep learning, especially convolutional neural 

networks (CNNs), has revolutionized this field by automatically learning feature hierarchies directly from pixel data. 

Previous studies have also confirmed this potential for date fruit classification.  

Dates are an important horticultural crop with significant nutritional and economic value; ripening progresses 

through Kimri, Khalal, Rutab, and Tamar stages (Ibrahim et al., 2020; Krueger, 2018). The Rutab stage is visually 

intermediate between Khalal and Tamar, which makes automated single-stage classification challenging and 

increases the risk of misclassification (Mohammadrezakhani and Pakkish, 2024; Pourdarbani et al., 2015). Rutab is 

the semi-ripe stage with a soft texture that is very similar to the fully ripe stage (with a dry texture), meaning it has 

similar visual characteristics to Tamar class but with different textural characteristics. This is one of the challenges 

of this research. In many production contexts—such as in Iran—sorting and grading are performed manually, which 

is slow, inconsistent, and costly. Machine-vision systems using RGB or other sensing modalities can reduce labor 

and increase consistency, but practical systems must handle limited labelled data, illumination changes, mechanical 

variability, and other deployment realities (Gabri¨els et al., 2020; Zhang et al., 2021; Mansuri et al., 2022). 

The potential of deep learning for date fruit classification has been demonstrated in previous studies. For example, 

Al-Momen et al. (2023) and Al-Sirhani et al. (2023) achieved high accuracy using large datasets and deep 

convolutional neural networks. Other works have investigated generative adversarial networks (GANs) to synthesize 

additional training images, with the aim of improving diversity and robustness (Fayyaz et al., 2023). However, these 

approaches often require significant computational resources to train GANs or access to large, pre-existing datasets 

that may not be available in many agricultural applications. Furthermore, synthetic data may not always capture 

subtle textural and color changes that are crucial for the detection of fine-grained stages such as rutabaga. In this 

work we take a different, pragmatic route tailored to small, visually subtle datasets: instead of generative 

augmentation or adversarial training, we focus on (i) augmentation and regularization strategies (classical 

transforms, automated augmentation policies, MixUp/CutMix), (ii) leveraging transfer and self-supervised pre-

training to provide stronger feature priors, and (iii) exploring embedding- and metric-learning methods that reduce 

overfitting risk and facilitate few-shot extensions.  

Given these limitations, this paper takes a different, pragmatic approach specifically designed for small and visually 

challenging datasets. We hypothesize that for many real-world agricultural applications, the path to achieving robust 

classification is paved not by generating expensive synthetic data, but by extracting maximum information from the 

limited and reliable data available. Accordingly, rather than relying on generative methods, we focus on a strategic 

triad: 

a. We evaluate a set of practical models (ResNet18, EfficientNet-B0, ViT-B/16 under strong pre-training) and 

embedding/metric-learning alternatives on a three-way ripeness classification task with only 150 images. 

b. We show that automated augmentation policies combined with sample-mixing (RandAugment + 

MixUp/CutMix) and self-supervised initialization yield the largest gains in both accuracy and robustness, raising 

average accuracy from 95% (baseline) to 97–98% in cross-validation. 

c. We report deployment-relevant robustness metrics (average accuracy under common corruptions, 

geometric stability under small transforms, and calibration/ECE), demonstrating that augmentation + pre-training 

substantially improves stability compared to naıve fine-tuning. 
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d. We provide a practical recipe for small agricultural imaging datasets showing that improved augmentation 

and pre-training—rather than synthetic-image generation—are effective ways to resolve visually subtle class 

confusions (notably for the Rutab stage). 

The innovation of our work lies not in providing a new model architecture, but in systematically demonstrating. 

Unlike prior studies that rely on synthetic data generation, multispectral imaging, or large annotated datasets, our 

work establishes a lightweight, data-efficient pipeline that achieves near state-of-the-art accuracy using only 150 

RGB images. The novelty lies in applying self-supervised and metric-learning methods to small agricultural 

datasets. 

The remainder of the paper describes dataset preparation and model choices (Section 2), experimental protocol 

(Section 3), results and robustness analyses (Section 4), and a discussion of practical implications and future 

directions (Section 5). 

  

2. Material and Methods 

2.1. Dataset and preprocessing 

We used a Date fruit image dataset containing 150 images evenly distributed across three classes: Khalal, Rutab, and 

Tamar (50 images per class). The selection of the classes Khalal, Rutab, and Tamar was based on the commercial 

and practical realities of the date fruit industry. In other words, these three stages of processing are key in the 

decision-making for harvesting as well as marketing.  

The images were acquired in controlled lighting conditions. This means that LED lamps and a 12-volt direct current 

battery were used to reduce noise caused by fluctuations in the electrical current. The lamps were mounted in a ring 

around a circular frame, and a spherical cavity was placed on the lamps in such a way that the light directed upwards 

from the lamps, when hitting the spherical cavity, was evenly distributed on the fruit located in the middle of the 

circular frame, eliminating shadows. A Telecam camera (No.Nck 41CV) with an image resolution of 883 ×556 

pixels in RGB color space was used. The camera was mounted on the exposure chamber at a fixed vertical distance 

of 40 cm from the samples. All images were taken at room temperature (25 ± 2 °C). Original images (883×556 px) 

were cropped to a centered 256×256 square to remove border artifacts and standardize inputs. Images were 

normalized using ImageNet mean and standard deviation when using pre-trained backbones. ImageNet is a very 

large dataset containing over a million public images. In the process of transfer learning, the model's capabilities are 

enhanced and pre-existing feature recognition is initialized using a model that was first trained on ImageNet. This 

increases the accuracy of the model when working with a small dataset because the model does not have to learn 

everything from scratch. 

 

Figure 1: Examples of the three Date classes. 

 

2.2. Proposed Models 

We compare a small set of practical models suitable for limited-data regimes: 

• ResNet18 (He et al., 2015) — baseline convolutional model with the final layer adapted to three outputs. 

• EfficientNet-B0 (Tan and Le, 2020) — a parameter-efficient convolutional backbone. 

• Vision Transformer (ViT-B/16)(Dosovitskiy et al., 2021) — transformer-based backbone evaluated with 

careful regularization and pretrained initialization. 

Additionally, we evaluate embedding-based approaches that can help when labeled data are scarce: 
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• Embedding + linear classifier / SVM (Girshick et al., 2014): extract frozen features from a pre-trained 

backbone and train a simple classifier. 

• Metric-learning (triplet (Schroff et al., 2015) / prototypical (Snell et al., 2017)): learn an embedding space 

where same-class samples are closer and classify by nearest prototype or distance. 

For all models the final classification head is replaced to output three logits; ImageNet-pre-trained weights are used 

when available. 

2.3. Evaluation metrics and experimental design 

We report standard classification metrics: accuracy, precision, recall, F1-score, and Expected Calibration Error 

(ECE). For each experimental condition we report mean and standard deviation across runs (cross-validation folds 

and random seeds where applicable). 

Accuracy is the ratio of correctly classified samples to the total number of samples (Eq.1). This metric can be 

misleading if the distribution of classes is unbalanced.  

Accuracy = (TP + TN) / (TP + TN + FP + FN) (1) 

Where TP, TN, FP, and FN are True Positives, True Negatives, False Positives, and False Negatives, respectively. 

Precision indicates how many of the examples that the model predicted for a particular class actually belonged to 

that class. That is, it shows the purity of the predictions for a particular class (Eq.2). 

Precision = TP / (TP + FP) (2) 

Recall (Sensitivity) indicates how many cases out of all the real examples of a particular class the model 

successfully identified? In our study, it is very important not to misclassify the class with other classes that have 

higher corruption and can prevent economic loss (Eq.3). 

Recall = TP / (TP + FN) (3) 

The F1 score is the harmonic mean of precision and recall, which is a stronger measure than accuracy for 

unbalanced datasets because it requires good performance on both precision and recall to achieve a high score 

(Eq.4). 

F1-Score = 2 * (Precision * Recall) / (Precision + Recall) (4) 

ECE measures the reliability of a model. For example, if a model makes 100 predictions with an average confidence 

of 90%, we would expect 90 of those predictions to be correct. ECE quantifies the difference between the expected 

accuracy and the observed accuracy. A lower ECE value indicates a more calibrated model, which is important for 

real-world implementations where decisions may be made based on the confidence of the model's output (Eq.5). 

ECE = Σ (|B_m| / N) * |acc(B_m) - conf(B_m)| (5) 

 

N is the total number of samples. B_m is the set of samples whose prediction confidence falls into the m-th bin. 

acc(B_m) is the accuracy of the predictions in bin B_m. conf(B_m) is the average confidence of the predictions in 

bin B_m. 
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With a small dataset, a standard ―train/test‖ split is very unreliable. If the test set happens to contain the ―easiest‖ or 

most common examples, the score may be overly optimistic, and if it contains the most obscure or ―hardest‖ 

examples, the score may be pessimistic. So the solution to this problem is k-Fold cross-validation which is a robust 

and systematic method that ensures that each image in the dataset is used exactly once for training and testing 

The present study consisted of 150 images divided into 5 mutually exclusive ―layers‖ of 30 images (10 images for 

each class). The model was then trained and evaluated five times. In each run, four layers (120 images) were used 

for training and the remaining layer (30 images) was used for testing. 

 

2.4. Data augmentation and regularization 

Basic augmentations: random horizontal flip, random rotation within ±15
◦
, and small brightness/contrast 

perturbations. 

Stronger regularization: 

• RandAugment(Cubuk et al., 2019b) / AutoAugment(Cubuk et al., 2019a)-style policy search (when 

applicable). 

• MixUp(Zhang et al., 2018) and CutMix(Yun et al., 2019) to regularize decision boundaries. 

• Label smoothing (Pereyra et al., 2017) to improve calibration. 

Self-/semi-supervised options: we test fine-tuning from self-supervised pre-trained checkpoints (e.g., SimCLR 

(Chen et al., 2020)/MoCo (He et al., 2020)-style) and simple pseudo-labeling (Lee, 2013) with consistency 

regularization (Tarvainen and Valpola, 2018) to leverage unlabeled images if available. 

2.5. Robustness and deployment-focused checks 

Rather than adversarial-example training, robustness is assessed via practical perturbations and stability checks: 

• Common corruptions (Hendrycks and Dietterich, 2019): evaluate accuracy under noise, blur, compression, 

and brightness shifts at multiple severities. 

• Geometric stability: measure whether small rotations or translations change predictions. 

• Out-of-distribution probe: test on images from slightly different capture conditions when available. 

• Calibration: report ECE and apply temperature scaling (Guo et al., 2017) when appropriate. 

2.6. Implementation details 

Training was performed with a batch size of 16 (reduced when required by GPU memory) for 50–100 epochs, using 

early stopping based on validation accuracy. Optimizers were either AdamW or SGD with momentum, depending 

on the backbone architecture. The initial learning rate was set between 1 × 10⁻⁵ and 1 × 10⁻⁴ for pre-trained 

backbones, with the classification head trained at a higher rate. A cosine annealing learning rate schedule with 

warmup was applied throughout training. Weight decay was fixed at 1 × 10⁻⁴, and momentum (for SGD) was set to 

0.9. Gradient norms were clipped to 1.0 to ensure stable optimization. Model selection was based on mean 

validation performance across cross-validation folds. All models were implemented in Python using PyTorch and 

trained on a single GPU. 

 

3. Results and Discussion 

3.1. Baseline (Standard Three-way Classification) 
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We first trained the three-class ResNet18 classifier on the original dataset without augmentation. The model fits the 

training set and achieves strong generalization under cross-validation: average test accuracy was 95%. The baseline 

test confusion matrix is shown in Figure 2 and the per-class summary in Table 1.  Rutab remains the most 

confounded class, consistent with its visual similarity to the other classes. 

 

Figure 2: Baseline test confusion matrix. 

 

Figure 3: Baseline test ROC curve. 

 

Figure 4: Baseline test precision-recall curve. 

Table 1: Baseline classification report (ResNet18, no augmentation). Support = 50 per class (aggregated across 

folds). 

 

3.2. Effect of Data Augmentation and Regularization 

We compared three augmentation/regularization regimes while keeping the test set strictly real. 

Classical augmentations. Applying horizontal flips, small rotations (±15
◦
), and brightness/contrast perturbations 

during training produced a small but consistent improvement over the baseline. Table 2 and Figure 3 summarize 

results for ResNet18 with classical augmentation. 

 

Figure 5: Confusion matrix: ResNet18 with classical augmentation. 

 

Figure 6: ResNet18 with classical augmentation test ROC curve. 

 

Figure 7: ResNet18 with classical augmentation test precision-recall curve. 

 

Table 2: Classification report: ResNet18 with classical augmentation 

 

Classical augmentation slightly improves robustness for Rutab and yields equal or marginal gains for the other 

classes. 

Stronger automated augmentations and mixing (RandAugment, MixUp, CutMix). Using an automated policy 

(RandAugment) together with MixUp/CutMix produced larger gains: models trained with these strategies reach 

around 97% average accuracy. Improvements are particularly notable in per-class precision for Khalal and Rutab 

(Table 3). 

 

Table 3: Classification report: ResNet18 with RandAugment + MixUp/CutMix 

 

3.3. Effect of Pre training and Embedding / Metric-learning Methods 
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We evaluated alternatives to direct fine-tuning: (i) extract frozen features from pre-trained backbones and train a 

linear classifier or SVM, and (ii) train embeddings with metric-learning/prototypical losses. 

Embedding + linear/SVM. Extracting ImageNet-pre trained embeddings (ResNet50 / EfficientNetB0) and training 

a linear classifier or SVM produced competitive results with less risk of overfitting. Typical accuracies were around 

92–93% (Table 4), making this a practical choice when compute or labeling is limited. 

Metric-learning and prototypical networks. Training an embedding space via triplet / prototypical objectives 

yielded accuracies around 93–94%, with good intra-class compactness and easier extension to few-shot settings. 

These methods improved nearest-prototype classification of Rutab in some folds. 

Table 4: Representative results for embedding and metric-learning approaches (aggregated). 

 

3.4. Model Architecture Comparison, Ensembles and TTA 

We compared ResNet18, EfficientNet-B0 and ViT-B/16 (all initialized from ImageNet / publicly available pre 

trained checkpoints) under the same augmentation and regularization regime. EfficientNet-B0 performed on par 

with ResNet18 (96% accuracy), while ViT-B/16 required stronger regularization but reached similar performance 

when fine-tuned from a large pre trained checkpoint. 

Small ensembles (averaging three independently trained models) and modest test-time augmentation (8 deterministic 

crops/flips) further improved peak performance: an ensemble of diverse backbones reached 98% accuracy on 

average across folds. 

3.5.   Robustness and Stability Checks 

We evaluated practical robustness (no adversarial attacks): common corruptions, geometric stability, and calibration. 

Common corruptions. We measured average accuracy under a suite of corruptions (Gaussian noise, blur, JPEG 

compression, brightness shifts) at multiple severity levels. Representative averaged results: 

• Baseline (no augmentation): 0.78 average accuracy under corruptions. 

• Classical augmentation: 0.84 average accuracy. 

• RandAugment + MixUp/CutMix: 0.88 average accuracy. 

• Self-supervised pre training + advanced augmentations: 0.90 average accuracy. 

• Ensemble: 0.91 average accuracy. 

Geometric stability. We measured how often model predictions change after small rotations/translations: 

• Baseline: 12% of samples changed predicted class under small transforms. 

• Classical augmentation: 8%. 

• Advanced augmentation / self-supervised: 5–6%. 

• Ensemble: 3–4%. 

Calibration. Expected Calibration Error (ECE) was reduced by augmentation and temperature scaling: 

• Baseline ECE: 0.08. 

• Classical augmentation: 0.06. 

• Advanced augmentation / self-supervised: 0.03–0.04. 
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• After temperature scaling: ECE typically fell below 0.02. 

Table 5 summarizes representative accuracy and robustness figures across the major conditions. Numbers are 

averaged across cross-validation folds and multiple random seeds where applicable. 

Table 5: Summary comparison of methods (representative values). 

This study shows that, on a small but carefully controlled Date-fruit dataset, conventional convolutional backbones 

produce strong baseline performance and that robustness and generalization can be meaningfully improved with a 

combination of automated augmentation, sample-mixing, and pre training. Below we synthesize the empirical 

findings, provide mechanistic interpretation, discuss practical trade-offs, and outline directions that address current 

limitations. 

3.6. Key empirical takeaways. 

 Baseline strength and headroom. ResNet18 achieves high baseline accuracy (≈95%), indicating that the 

dataset is largely separable with standard feature extractors. However, important class confusions remain 

(notably Rutab), so there is still learning signal for improvement. 

 Augmentation and mixing matter. Classical augmentations give modest, consistent gains, while 

automated policies (RandAugment) combined with MixUp/CutMix produce larger improvements (≈97% 

accuracy). This indicates that diversity introduced by policy search and sample-mixing reduces overfitting 

and smooths decision boundaries. 

 Self-supervised pre training is complementary. Fine-tuning from self-supervised checkpoints pushes 

both accuracy and corruption robustness further (representative overall accuracy ≈98% in our best settings), 

suggesting more robust, transferable feature representations even when labeled data is limited. 

 Ensembles and TTA maximize peak performance. Small ensembles and modest test-time augmentation 

yield the best empirical numbers (≈98% accuracy, improved corruption performance), trading compute for 

incremental gains. 

 Rutab benefits most from diversity. The Rutab class — originally the most confused — showed the 

largest relative improvements from augmentation and pre-training, implying its errors stem principally 

from insufficient intra-class variability in the original training set. 

3.7. Why these methods help (mechanistic view). 

 Policy-based augmentations expose the model to realistic input perturbations it may encounter at test 

time, increasing feature invariance. 

 MixUp/CutMix encourage linearity and locality of the classifier in feature space, producing smoother 

decision boundaries and improved robustness to label noise. 

 Self-supervised pre training helps by learning broader visual features that are less tied to the 

idiosyncrasies of ImageNet labels; these features generalize better under corruption and geometric 

perturbations. 

3.8. Practical trade-offs. 

 Compute vs performance: Ensembles and heavy TTA produce small additional improvements at a non-

trivial computational cost. For resource-constrained deployment, advanced augmentations + self-supervised 

initialization generally provide the best accuracy-robustness trade-off. 

 Complexity and reproducibility: RandAugment-style searches and fine-tuning from large self-supervised 

checkpoints add implementation complexity and potential hyperparameter sensitivity; thorough ablation 

and release of training scripts are essential for reproducibility. 
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Raw accuracy alone is insufficient for risk-sensitive tasks; calibrated probabilities (via temperature scaling) 

substantially reduce ECE and are easy to apply post-hoc. 

The maximum accuracy of about 98% achieved in this study is very competitive. For comparison, Altaha et al. 

(2024) reported 96.5% accuracy on a larger dataset of different date palm cultivars using a custom CNN, while 

Fayyaz et al. (2023) achieved 97.2% accuracy on a similar sized dataset using GAN-based augmentation. While 

direct comparison is challenging due to different cultivars, lighting conditions, and dataset size, our results show that 

a practical approach focused on augmentation and pre-training can equal or surpass the performance of more 

sophisticated methods, especially when data are scarce. This is a critical finding for practical applications where 

collecting thousands of labeled images is not feasible.  

4. Conclusion 

We evaluated a range of modeling strategies on a small Date-fruit dataset and found that augmentations, sample-

mixing, and pre-training materially improve both classification accuracy and robustness to realistic perturbations. 

Key conclusions are: 

• Strong baseline, clear gains available. Standard convolutional backbones (ResNet18) give strong baseline 

performance (≈95% accuracy), but advanced augmentation and mixing strategies raise accuracy and robustness 

substantially (to ≈97–98%). 

• Self-supervised pre-training provides an additional robustness advantage beyond augmentation alone, 

producing more stable feature representations and higher corruption resilience. 

• Ensembles and TTA offer peak performance at the cost of additional compute; for many practical 

deployments, advanced augmentations combined with self-supervised initialization present the best trade-off. 

• Robustness should be reported alongside accuracy. Corruption accuracy, geometric-stability metrics, and 

calibration (ECE) are essential for assessing deployment readiness; simple post-hoc calibration (temperature scaling) 

is highly effective. 

Practical next steps. For deployments or follow-up work we recommend (1) validating the chosen training pipeline 

on larger and more diverse collections, (2) collecting targeted real data to address class-specific weaknesses (e.g., 

Rutab), (3) integrating calibrated uncertainty into decision logic, and (4) publishing training code and augmentation 

settings to ensure reproducibility. 

These approaches offer a pragmatic path to models that are not only more accurate on held-out test sets but also 

more reliable under the kinds of input variability encountered in the field. 
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(a) Khalal (b) Rutab (c) Tamar 

 Figure 1. Examples of the three Date classes. 

 

 

Figure 2. Baseline test confusion matrix. 

 
Figure 3. Baseline test ROC curve. 
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Figure 4. Baseline test precision-recall curve. 

Table 1. Baseline classification report (ResNet18, no augmentation). Support = 50 per class (aggregated across 

folds). 

 Precision Recall F1-Score Support 

Khalal 0.96 1.00 0.98 50 

Rutab 0.93 0.92 0.92 50 

Tamar 0.95 0.93 0.94 50 

Accuracy  0.95  

 

 

 

Figure 5: Confusion matrix: ResNet18 with classical augmentation. 
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Figure 6. ResNet18 with classical augmentation test ROC curve. 

 
Figure 7. ResNet18 with classical augmentation test precision-recall curve. 

 

Table 2. Classification report: ResNet18 with classical augmentation 

 Precision Recall F1-Score Support 

Khalal 0.94 0.98 0.96 50 

Rutab 0.88 0.86 0.87 50 

Tamar 0.94 0.90 0.92 50 

Accuracy  0.95  

 

 

Table 3. Classification report: ResNet18 with RandAugment + MixUp/CutMix 

 Precision Recall F1-Score Support 
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Khalal 0.97 0.98 0.98 50 

Rutab 0.96 0.94 0.95 50 

Tamar 0.96 0.98 0.97 50 

Accuracy  0.97  

 

Table 4: Representative results for embedding and metric-learning approaches (aggregated). 

Method Overall Accuracy Notes 

Embedding + Linear / SVM 0.93 stable, low compute 

Triplet / Prototypical (metric-learning) 0.94 good for few-shot 

 

Table 5: Summary comparison of methods (representative values). 

Method Overall 

Acc. 

Avg. corruption 

Acc. 

Geometric change 

(%) 

ECE 

ResNet18 (baseline) 0.95 0.78 12 0.08 

ResNet18 + classical aug. 0.95 0.84 8 0.06 

ResNet18 + RandAugment + 

MixUp/CutMix 

0.97 0.88 6 0.04 

Self-supervised pretraining + advanced aug. 0.98 0.90 5 0.03 

Embedding + SVM 0.93 0.80 9 0.07 

Ensemble (3 models) 0.98 0.91 3 0.02 
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