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 Background: Variations in background, lighting, and viewing angle 
make potato leaf condition classification difficult in uncontrolled 
environments. 
Objective: This study compared EfficientNetV2-S and ConvNeXt V2-
Tiny on seven classes in terms of classification performance and 
inference efficiency and examined the image regions contributing to 
predictions using Gradient-weighted Class Activation Mapping (Grad-
CAM). 
Method: Of 3,076 initial images, 12 with label conflicts were 
quarantined and 49 identical copies removed, leaving 3,015 images, 
split into 2,412 training, 301 validation, and 302 test images with 
similar images kept in the same partition. Both models were trained 
using transfer learning, weighted cross-entropy, and three seeds. 
Results: EfficientNetV2-S achieved a mean test accuracy of 83.22% 
and macro-F1 of 79.86%, whereas ConvNeXt V2-Tiny achieved 
87.97% and 85.21%. The macro-F1 difference of 5.34 percentage 
points had a 95% confidence interval of 2.43–8.50 percentage points 
based on a paired group bootstrap, although the per-run advantage 
ranged from 1.06 to 11.06 points and the seed-42 McNemar test was 
not significant (p ≈ 0.39). On an NVIDIA T4 GPU, ConvNeXt V2-
Tiny required 11.70 versus 25.39 ms per image. Grad-CAM 
visualizations showed different activation spreads for the two models 
on example test images. 
Conclusion: ConvNeXt V2-Tiny delivered higher performance and 
lower latency in this internal test and is the more practical candidate 
for server-based diagnosis, although cross-location evaluation and 
spatial validation against lesion annotations are still required. 

INTRODUCTION 
Potato is a staple crop whose yield and quality are threatened by a wide range of 

diseases and pests, and early recognition of their symptoms is an important part of crop 
management (Gülmez, 2025). The condition of potato leaves can be recognized from 
visual symptoms such as spots and changes in colour. Images taken in uncontrolled 
environments also contain variations in lighting, viewing angle, and background. These 
variations can make classes harder to separate and give a model the opportunity to exploit 
image elements outside the leaf symptoms.  

Globally, about 375 million tonnes of potatoes were harvested from approximately 
17.8 million hectares in 2022 (Park et al., 2025), and pathogens and pests are estimated 
to reduce global potato yields by about 17.2%, with a range of 8.1–21.0% across regions 
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(Savary et al., 2019). In Indonesia, Central Java is the second-largest potato-producing 
province after East Java, with about 277.7 thousand tonnes or 20.4% of national 
production (Sahara et al., 2024).  

In highland production centres such as those in Central Java, expert diagnosis is not 
always available in the field, so delays in recognizing symptoms can translate into yield 
and income losses for growers. Shabrina et al., (2024) provided a field dataset covering 
seven categories, including healthy leaves, so that model evaluation can include several 
types of disorders under diverse image-acquisition conditions. The review by Shoaib et 
al., (2023) summarized the development of deep learning methods for plant disease 
recognition. In the context of potato, Gülmez, (2025) highlighted the variability of 
symptoms, the limitations of datasets, and the challenges of generalization under different 
image-acquisition conditions.  

Many earlier studies relied on images captured in the laboratory with uniform 
backgrounds, such as those in PlantVillage, which are easier to classify than field images 
and may lead to optimistic estimates of performance (Xu et al., 2024). Nazir et al., (2023) 
developed EfficientPNet for potato leaf disease classification. Alhammad et al., (2025) 
combined image classification with an explainable AI approach. Sinamenye et al., (2025) 
evaluated a hybrid EfficientNetV2B3 and Vision Transformer model for potato disease 
classification. Other studies have used the same field dataset.  

Shabrina et al., (2024) reported an accuracy of 73.63% for EfficientNetV2B3 on this 
dataset, compared with 98.15% on PlantVillage. Sangar & Rajasekar, (2025) reported 
87.82% by combining EfficientNet-LITE features with an optimized support vector 
machine, and Rofiqi et al., (2026) reported 89.5% for MobileNetV3-Large after 
augmentation, class balancing, and Optuna hyperparameter tuning. These studies differ 
in partitioning, augmentation, and the treatment of similar images, which limits the direct 
comparison of their scores. In model comparisons, differences in partitions, the degree of 
image similarity, and the class distribution can affect the interpretation of scores (Xu et 
al., 2023, 2024). For example, nearly identical images in the training and test partitions 
can make performance estimates overly optimistic. Table 1 summarizes the studies that 
are closest to the present work. 

Table 1. Summary of related studies 
Study Data and classes Method Reported result 

Nazir et al., 
(2023) 

PlantVillage potato images 
(10,800); early blight, late 
blight, healthy 

EfficientPNet: 
EfficientNetV2 with 
spatial-channel attention 

Accuracy 98.12% 

Alhammad et al., 
(2025) 

Public potato leaf disease 
dataset 

Transfer learning with 
Grad-CAM explanations 

Validation 
accuracy 97%; test 
accuracy 98% 

Sinamenye et al., 
(2025) 

Field potato leaf dataset 
(3,076 images; seven 
classes) 

Hybrid 
EfficientNetV2B3 + 
Vision Transformer 

Accuracy 85.06% 
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Study Data and classes Method Reported result 

Shabrina et al., 
(2024) 

Field potato leaf dataset 
(3,076 images; seven 
classes) 

EfficientNetV2B3 
baseline Accuracy 73.63% 

Sangar & 
Rajasekar, (2025) 

Field potato leaf dataset 
(3,076 images; seven 
classes) 

EfficientNet-LITE 
features + optimized 
SVM (KE-SVM) 

Accuracy 87.82% 

Rofiqi et al., 
(2026) 

Field potato leaf dataset 
(3,076 images; seven 
classes) 

MobileNetV3-Large 
with augmentation, 
SMOTE, and Optuna 
tuning 

Accuracy 89.5%; 
F1-score 90.4% 

Indra et al., 
(2026) 

Sugarcane leaves (2,948 
images; five classes); field 
test set of 427 images 

ConvNeXt V2-Tiny, six-
fold ensemble; 
EfficientNetV2-S and 
ResNet-50 baselines 

Test accuracy 
98.39%; 
EfficientNetV2-S 
baseline 83.37% 

This study 
Field potato leaf dataset 
after curation (3,015 
images; seven classes) 

EfficientNetV2-S vs. 
ConvNeXt V2-Tiny; 
three seeds; grouped 
split 

Mean test accuracy 
83.22% vs. 
87.97% 

 
Vo et al., (2025) compared EfficientNetV2 and ConvNeXt for plant disease 

classification. Indra et al., (2026) used ConvNeXt V2-Tiny for sugarcane leaf disease 
classification with an ensemble approach. Gondal et al., (2026) studied plant disease 
classification under low-light conditions using knowledge distillation. Differences in 
crops, image conditions, and evaluation protocols limit the comparison of scores across 
studies. Table 1 shows, for example, that accuracies above 98% were obtained on 
PlantVillage or with fold ensembles, whereas a hybrid model on the same field potato 
dataset used here reached 85.06%. 

Classification scores alone do not show whether a model bases its decisions on 
disease symptoms or on incidental elements such as soil, hands, or neighbouring plants 
that may be correlated with a class in a particular dataset. Visual explanation methods are 
therefore increasingly reported alongside accuracy in plant disease studies. Gradient-
weighted Class Activation Mapping (Grad-CAM) localizes the image regions that support 
a class score by weighting the last convolutional feature maps with the gradients of that 
score (Selvaraju et al., 2017).  

Alhammad et al., (2025) used Grad-CAM to make the decisions of a potato leaf 
classifier more interpretable, Natarajan et al., (2024) used explainable visualizations to 
examine plant disease predictions, and Kondaveeti & Simhadri, (2025) argued for 
combining qualitative inspection with quantitative evaluation of the explanations. In field 
images with cluttered backgrounds, such checks are particularly important because the 
risk of shortcut learning is higher than in laboratory images. Shortcut learning refers to 
decision rules that perform well on a benchmark but fail to transfer to new conditions 
(Geirhos et al., 2020), and saliency maps can remain largely unchanged even when the 
upper-layer parameters of the model are randomized (Binder et al., 2023).  



 
Yoga Pamungkas 

 

 
Available online a https://ajosh.org/jsh/index 43 

 

Visual explanations should therefore be accompanied by checks of their reliability. 
This study compares EfficientNetV2-S and ConvNeXt V2-Tiny on the same partition 
after an audit of label conflicts and image similarity. Its contribution is a paired evaluation 
of classification performance, inference cost, and the activation patterns of the two model 
configurations. Macro-F1 is used to give equal weight to every class in the performance 
summary, whereas Grad-CAM is used to examine the spatial contributions to predictions. 
Specifically, the study addresses three questions: First, which of the two models achieves 
higher classification performance on a curated, similarity-aware partition of the field 
potato leaf dataset, and how large and uncertain is the difference? Second, how do the 
two models compare in parameter count and GPU forward time? Third, how do the Grad-
CAM activation patterns of the two models differ, and how far can these maps be trusted?. 

The novelty of this study lies in combining a label-audited, similarity-aware partition 
of a public field dataset with a multi-seed paired comparison that reports the uncertainty 
of the difference, inference cost, and diagnostics of the visual explanations together, 
aspects that are rarely reported jointly in the potato studies summarized in Table 1. The 
results are expected to benefit researchers by providing a more conservative reference 
point for model comparison on this dataset, and to benefit developers of digital crop-
protection services by indicating which of two widely available backbones offers a better 
balance between accuracy and latency. The broader implication is that model selection 
for field diagnosis should rest on leakage-controlled evaluation, uncertainty-aware 
comparison, and checks of explanation reliability rather than on a single accuracy figure. 

METHOD 
The research workflow is shown in Figure 1. The study used a quantitative 

comparative experiment in which two pretrained backbones were trained under the same 
data partition, preprocessing, loss function, and training schedule, and were then 
compared using paired statistics and visual explanations. 

 
Figure 1. Research Workflow 

Dataset and Data Curation 
The experiment used the Potato Leaf Disease Dataset in Uncontrolled Environment 

(Shabrina et al., 2024). The dataset contains seven classes: leaves affected by bacteria, 
fungi, nematodes, pests, phytophthora, and viruses, and healthy leaves. As described by 
Sinamenye et al., (2025), the images were captured with smartphone cameras under real 
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farming conditions in Central Java, Indonesia, and were labelled by plant disease experts. 
All 3,076 images found could be read. 

Pixel-level SHA-256 hashes were used to check for identical images. Six groups 
containing 12 identical images with different labels were quarantined. After 49 pixel-
identical copies were removed, 3,015 unique images were retained (Table 2). Labels 
followed the class directories. The spelling Phytophthora in this article refers to the folder 
label Phytopthora in the notebook. 

Table 2. Data curation steps 

Step Procedure Images 
affected 

Images 
remaining 

Initial inventory All files read successfully – 3,076 
Label-conflict 
check 

Identical pixel hashes with different 
labels (six groups) quarantined 12 3,064 

Duplicate 
removal 

Pixel-identical copies with the same 
label removed 49 3,015 

Similarity 
grouping 

64-bit perceptual hash, Hamming 
distance ≤ 4; 36 candidate pairs 
grouped 

Grouped, not 
removed 3,015 

Source: Data Processed 
 

A 64-bit perceptual hash with a maximum Hamming distance of four identified 36 
candidate pairs of similar images. These pairs were grouped before the data were split at 
a ratio close to 80:10:10 with class stratification and split seed 2026. Each group was 
placed intact in a single partition. Checks in the notebook showed no overlap of pixel 
hashes or groups between partitions. Plant identity and photography session were not used 
in the grouping. The resulting class distribution is shown in Table 3, together with the 
class weights used in the loss function. 

Table 3. Image distribution after curation and class weights 

Class Training Validation Test Total Class 
weight 

Bacteria 455 57 57 569 0.757 
Fungi 589 75 76 740 0.585 
Healthy 160 19 20 199 2.154 
Nematode 53 7 7 67 6.501 
Pest 483 59 59 601 0.713 
Phytophthora 249 29 31 309 1.384 
Virus 423 55 52 530 0.815 
Total 2,412 301 302 3,015 – 

Note. Class weights were computed from the training counts using Equation (4). 
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The distribution is clearly imbalanced. Fungi is the largest class with 740 images, 
whereas Nematode has only 67 images, an eleven-fold difference. With only seven 
Nematode images in each of the validation and test partitions, a single prediction changes 
the Nematode recall on the test set by more than 14 percentage points, which must be 
kept in mind when per-class results are interpreted. 

Models 
EfficientNetV2-S uses an architecture that combines MBConv and Fused-MBConv 

blocks (Tan & Le, 2021). In Fused-MBConv, which is used in the early stages, the 
expansion 1 × 1 convolution and the depthwise 3 × 3 convolution of MBConv are replaced 
by a single regular 3 × 3 convolution, which makes better use of modern accelerators at 
high spatial resolutions. The later stages use MBConv blocks with depthwise 
convolutions and squeeze-and-excitation. The family was obtained through training-
aware neural architecture search and scaling, with the goal of improving both accuracy 
and training speed (Tan & Le, 2021). 

ConvNeXt V2 builds on ConvNeXt, a fully convolutional network modernized with 
large depthwise kernels, inverted bottlenecks, and other design choices adopted from 
vision Transformers (Liu et al., 2022). ConvNeXt V2-Tiny uses Global Response 
Normalization (GRN) and weights from a fully convolutional masked autoencoder 
(FCMAE) pretraining scheme that were subsequently fine-tuned on ImageNet-1K (Woo 
et al., 2023). In FCMAE pretraining, a large proportion of image patches is masked and 
the network learns to reconstruct them, which encourages representations that do not 
depend on any single local region. GRN was introduced to increase the contrast and 
selectivity of channels by normalizing each channel by its global response. For a feature 
map X with channels Xi, GRN aggregates the spatial L2 norm of each channel, normalizes 
it by the mean over channels, and rescales the input, as in Equations (1)–(3), where γ and 
β are learnable parameters (Woo et al., 2023). 

 G(X)i = ǁXiǁ2 (1) 
 N(G(X))i = G(X)i / ( (1/C) Σj G(X)j ) (2) 
 Xi' = γ · Xi · N(G(X))i + β + Xi (3) 

The implementation used the timm initial weights tf_efficientnetv2_s.in1k and 
convnextv2_tiny.fcmae_ft_in1k. Both backbones were retrained together with a 
classification head consisting of dropout 0.2 and a linear layer with seven outputs. 
Because the two models differ in both architecture and pretraining scheme, the 
comparison concerns two complete configurations rather than architecture alone. 

Preprocessing and Training 
RGB images were resized to 224 × 224 pixels and normalized according to the 

configuration of the initial weights of each backbone. For the training data, augmentation 
included horizontal and vertical flips, rotation of up to 15°, and random changes in 
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brightness, contrast, and saturation. Validation and testing used deterministic 
transformations. 

Training was carried out on an NVIDIA Tesla T4 with a batch size of 8 and mixed 
precision. The AdamW optimizer used an initial learning rate of 0.0001 for the backbone 
and 0.001 for the classification head, a weight decay of 0.0001, and cosine annealing 
scheduling. The class weights in the weighted cross-entropy function were computed as 
in Equation (4), where N is the number of training images, K is the number of classes, 
and nk is the number of training images in class k. The weighted loss for a training image 
with true class y and predicted probability py is given in Equation (5). 

 wk = N / (K × nk) (4) 
 L = − wy log py (5) 

Each model was trained with seeds 42, 123, and 2026 on the fixed partition. The 
training limit was 15 epochs per run, with a patience of three and a min_delta of 0.0001. 
The checkpoint was selected based on the lowest unweighted validation cross-entropy. 
The training settings are summarized in Table 4. The same optimizer, learning rates, 
schedule, and input resolution were deliberately applied to both backbones so that the 
comparison reflects the two pretrained configurations under one controlled fine-tuning 
protocol; no per-model hyperparameter search was performed. The input size of 224 × 
224 pixels matches the fine-tuning resolution of convnextv2_tiny.fcmae_ft_in1k but is 
below the 300–384 pixel range used to train and evaluate EfficientNetV2-S (Tan & Le, 
2021), which may disadvantage EfficientNetV2-S. This common resolution was retained 
to keep memory use and forward-time measurements comparable on the same GPU, and 
its possible effect is treated as a limitation of the study. 

Table 4. Training configuration 
Component Setting 

Initial weights tf_efficientnetv2_s.in1k; convnextv2_tiny.fcmae_ft_in1k 
(timm) 

Classification head Dropout 0.2 + linear layer with seven outputs 

Input and augmentation 224 × 224 RGB; flips, rotation ≤ 15°, colour jitter (training 
only) 

Hardware and precision NVIDIA Tesla T4; mixed precision; batch size 8 

Optimizer AdamW; learning rate 0.0001 (backbone) and 0.001 (head); 
weight decay 0.0001 

Scheduler Cosine annealing 
Loss Weighted cross-entropy, wk = N/(K × nk) 
Epochs and early stopping Maximum 15; patience 3; min_delta 0.0001 
Checkpoint selection Lowest unweighted validation cross-entropy 
Seeds 42, 123, and 2026 on a fixed partition 

Source: Data Processed 

Evaluation and Visualization 
Performance was summarized using accuracy, macro-F1, balanced accuracy, and 

one-vs-rest macr ROC-AUC. With F1k and recallk denoting the F1-score and recall of 
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class k, macro-F1 and balanced accuracy are defined in Equations (6) and (7). Both 
metrics give every class the same weight regardless of its size, which makes them more 
informative than accuracy for the imbalanced distribution in Table 3. 

 Macro-F1 = (1/K) Σk F1k (6) 
 Balanced accuracy = (1/K) Σk Recallk (7) 

As a reference, a baseline always predicted the most frequent class in the training 
data. Differences between the models were estimated using a paired group bootstrap on 
the test data with 2,000 valid replicates. In each replicate, the test groups were resampled 
with replacement, both models were evaluated on the same resampled groups, and the 
scores were averaged over the three seeds; the distribution of the replicate differences was 
used to obtain the 95% confidence interval. Bootstrapping the test set to obtain the 
confidence interval followed Varoquaux & Colliot, (2023).  

A replicate was considered valid only when every class was represented in the 
resampled test set, so that per-class F1 and macro-F1 were defined; invalid replicates 
were discarded and resampling continued until 2,000 valid replicates were obtained. For 
the seed-42 pair, paired correctness was additionally compared with an exact McNemar 
test on the discordant predictions (Rainio et al., 2024). Resampling groups rather than 
individual images respects the grouping used during splitting.  

Efficiency was measured as GPU forward time using synthetic inputs, FP16 autocast, 
10 warm-up iterations, and 50 measurement iterations.Grad-CAM was computed 
Selvaraju et al., (2017) from the gradients of the target-class logit with respect to the last 
spatial feature map (7 × 7) of each backbone, and the maps were then upsampled and 
overlaid on the image. For a feature map Ak and the logit yc of class c, the channel weights 
and the activation map are given in Equations (8) and (9), where Z is the number of spatial 
positions. 

 αkc = (1/Z) Σi Σj ∂yc / ∂Aijk (8) 
 LGrad-CAMc = ReLU(Σk αkc Ak) (9) 

Visualization used seed 42 on fixed test samples and examples of misclassification. 
Additional diagnostics included randomization of the classification head, following the 
model-randomization sanity check examined by Binder et al., (2023), and a comparison 
of the drop in probability between occluding the 20% of pixels with the highest activation 
and occluding a shifted mask of the same size. 

RESULTS AND DISCUSSION 
Classification Performance 

ConvNeXt V2-Tiny recorded higher test accuracy and macro-F1 in all three seeds. 
The macro-F1 difference between the models ranged from 1.06 to 11.06 percentage 
points, so the size of the advantage depended on the run. The highest test accuracy in a 
single run was 90.40% for ConvNeXt V2-Tiny with seed 2026. The main summary uses 
the mean of the three runs, with checkpoints selected on the validation data (Table 5). 
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Table 5. Validation and test performance in percent 
Metric EfficientNetV2-S ConvNeXt V2-Tiny 
Validation accuracy 83.83 ± 1.38 88.37 ± 2.18 
Validation macro-F1 83.53 ± 1.18 88.22 ± 2.41 
Test accuracy 83.22 ± 2.68 87.97 ± 2.49 
Test macro-F1 79.86 ± 2.60 85.21 ± 3.79 
Test balanced accuracy 82.52 ± 1.79 86.02 ± 3.60 
Test macro ROC-AUC 97.74 ± 0.78 98.56 ± 0.20 

Note. Values are presented as mean ± standard deviation over three seeds. 

ConvNeXt V2-Tiny was ahead by 4.75 percentage points in accuracy (95% CI 2.55–
7.06) and 5.34 percentage points in macro-F1 (95% CI 2.43–8.50). Both intervals lie 
above zero in this internal test. The intervals describe the uncertainty due to resampling 
the test groups with models that had been trained on a single fixed partition; they do not 
capture the variation that would arise from re-splitting the data or from collecting images 
at other locations. The majority baseline, which always chose Fungi, achieved an 
accuracy of only 25.17% and a macro-F1 of 5.74%. 

For both models, test macro-F1 was lower than test accuracy, by 3.36 percentage 
points for EfficientNetV2-S and 2.76 percentage points for ConvNeXt V2-Tiny. Because 
macro-F1 weights each class equally, this gap indicates that performance on some of the 
smaller classes was weaker than on the larger ones, which is consistent with the very 
small number of Nematode and Healthy test images. The standard deviation of test macro-
F1 for ConvNeXt V2-Tiny (3.79) was also larger than its standard deviation of test 
accuracy (2.49), suggesting that the small classes contributed much of the run-to-run 
variation. 

The macro ROC-AUC values of both models were high, at 97.74% and 98.56%, and 
much closer to each other than their macro-F1 values. ROC-AUC measures how well the 
predicted scores rank images of a class above images of other classes across all possible 
thresholds, whereas macro-F1 depends on the single class finally chosen by the arg-max 
decision. The combination of high ROC-AUC and lower macro-F1 therefore suggests 
that both models often assigned relatively high scores to the correct class even when 
another class received the highest score, which is typical when visually similar disorders, 
such as bacterial and fungal lesions, compete for the same image. 

The variation across seeds was substantial. The standard deviations of test accuracy 
were 2.68 and 2.49 percentage points, and the macro-F1 advantage of ConvNeXt V2-
Tiny varied from 1.06 to 11.06 percentage points depending on the seed. A comparison 
based on any single run could thus have reported either a negligible or a very large 
advantage. This observation supports the practice of reporting several seeds, together with 
an uncertainty estimate for the difference, when two architectures are compared on a 
dataset of this size. 
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Paired Analysis of Predictions 
With seed 42, both models correctly predicted 246 of the 302 images and were both 

wrong on 22 images. ConvNeXt V2-Tiny was correct on 20 images that EfficientNetV2-
S misclassified, whereas EfficientNetV2-S was correct on 14 images that ConvNeXt V2-
Tiny misclassified (Table 6). These differing errors show that the model with the higher 
aggregate score can still fail on images that the comparison model recognizes. 

Table 6. Paired correctness of the two models on the test set (seed 42) 

 ConvNeXt V2-Tiny 
correct 

ConvNeXt V2-Tiny 
wrong Total 

EfficientNetV2-S correct 246 14 260 
EfficientNetV2-S wrong 20 22 42 
Total 266 36 302 

Source: Data processed 
 
From these counts, the seed-42 test accuracy is 86.09% for EfficientNetV2-S and 

88.08% for ConvNeXt V2-Tiny. An exact McNemar test on the 34 discordant images (20 
versus 14) gives a two-sided p-value of approximately 0.39. For this single run, the 
difference in correctness between the models is therefore not statistically distinguishable 
from chance, even though the group bootstrap of the three-seed means placed the 
difference above zero. The two analyses answer different questions: the McNemar test 
concerns one pair of trained models, whereas the bootstrap summarizes the mean of three 
runs per model.  

These results complement the study of Sinamenye et al., (2025), which reported 
85.06% accuracy for a hybrid model on the same field dataset, by comparing two models 
on a similarity-based partition. A direct comparison of scores with that study requires the 
same partition and evaluation procedure. The direction of the difference is also consistent 
with Indra et al., (2026), in which ConvNeXt V2-Tiny outperformed an EfficientNetV2-
S baseline on sugarcane leaf images, although the crop, data, and protocol differ. On the 
same field dataset, Shabrina et al., (2024) reported 73.63% for EfficientNetV2B3.  

Sangar & Rajasekar, (2025) reported 87.82% for EfficientNet-LITE with an 
optimized support vector machine, and Rofiqi et al., (2026) reported 89.5% for a tuned 
MobileNetV3-Large. The mean accuracy of ConvNeXt V2-Tiny in this study (87.97%) 
falls within this range even though similar images were kept within single partitions, 
whereas the EfficientNetV2-S result (83.22%) is clearly higher than the 
EfficientNetV2B3 baseline reported with the dataset.  

Because these studies used different partitions and augmentation strategies, and in 
some scenarios applied augmentation before splitting (Rofiqi et al., 2026), the differences 
provide context rather than a ranking. Loss weighting gave greater weight to classes with 
fewer training images, with weights ranging from 0.585 for Fungi to 6.501 for Nematode 
(Table 3). The contribution of weighting to the scores has not been measured separately 
because both models were trained with the same weighting scheme. 
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Inference Efficiency 
ConvNeXt V2-Tiny has 27.87 million parameters, compared with 20.19 million for 

EfficientNetV2-S. On the Tesla T4 with a batch size of 1, the mean forward time of 
ConvNeXt V2-Tiny was 11.70 ms per image, whereas EfficientNetV2-S required 25.39 
ms. With a batch size of 8, the throughputs were 349.71 and 302.64 images per second, 
respectively (Table 7). ConvNeXt V2-Tiny was faster in this GPU configuration despite 
having more parameters. The measurements cover forward computation with tensors 
already on the GPU; image loading, preprocessing, and data transfer were excluded. 

Table 7. Parameters and GPU forward-time measurements on an NVIDIA Tesla T4 
Measure EfficientNetV2-S ConvNeXt V2-Tiny 
Parameters (millions) 20.19 27.87 
Forward time, batch 1 (ms per image) 25.39 11.70 
Throughput, batch 8 (images per second) 302.64 349.71 

Source: Data processed 
 

At a batch size of 1, ConvNeXt V2-Tiny was about 2.2 times faster than 
EfficientNetV2-S, whereas at a batch size of 8 its throughput advantage shrank to about 
1.16 times. A plausible explanation is that EfficientNetV2-S contains many more 
sequential layers, including depthwise convolutions and squeeze-and-excitation 
operations, whose cost at small batch sizes is dominated by kernel-launch and memory-
access overheads rather than arithmetic; larger batches amortize these overheads. This 
explanation was not tested directly, and the results show that parameter count alone is a 
poor proxy for latency on a given device. 
Grad-CAM Interpretation 

In the Bacteria example in Figure 2, both models predicted the correct label. The 
activation of EfficientNetV2-S spread more widely around the leaf in the left-centre part 
of the image, whereas that of ConvNeXt V2-Tiny was more concentrated in that area. 
This comparison shows a difference in spatial focus for the same prediction. Agreement 
with the lesion requires spatial annotations that can serve as a reference. 

 

 
Figure 2. Grad-CAM example for one Bacteria test image with seed 42. From left to right: the 

original image, the EfficientNetV2-S overlay, and the ConvNeXt V2-Tiny overlay. Warm 
colours indicate relatively higher activation in each map 
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In three samples per model, occluding the most highly activated area reduced the 
probability of the target class more than the average reduction with the shifted mask. The 
Spearman correlation between the original maps and the maps after randomization of the 
classification head varied from −0.03 to 0.77. These exploratory results show different 
responses across samples. Masking can also produce images that differ from the original 
distribution, so changes in probability need to be read in the context of that procedure. 
Because the diagnostics were computed on only three samples per model, they are 
reported as exploratory and are not used to support conclusions about either model; 
extending them to the full test set is required before the reliability of the maps can be 
quantified. 

The randomization diagnostic deserves particular attention. If a map remains highly 
correlated with the original after the classification head has been randomized, the map 
reflects properties of the backbone features more than the decision of the trained 
classifier. The upper value of 0.77 therefore suggests that, for some samples, the visual 
pattern may be only weakly tied to the learned class decision, whereas values near zero 
indicate maps that changed substantially. With only three samples per model, these 
diagnostics cannot be generalized, but they illustrate why visual plausibility alone is not 
sufficient evidence of explanation quality.  

This observation agrees with Binder et al., (2023), who showed that explanation maps 
can change only to a limited extent when the upper layers of a network are randomized, 
and with the argument of Geirhos et al., (2020) that apparently correct predictions may 
rely on shortcuts that only targeted tests can reveal. Alhammad et al., (2025) used Grad-
CAM to illustrate the decisions of a potato leaf classifier, Natarajan et al., (2024) applied 
XAI visualization to examine plant disease predictions, whereas Kondaveeti & Simhadri, 
(2025) combined visual and quantitative assessment on rice leaf images. In this study, 
activation maps were used to examine the focus of the models, and the diagnostic results 
were read according to the number of samples examined. 

Discussion of the Model Difference 
Several properties of ConvNeXt V2-Tiny may contribute to its higher performance 

on the field images, although the present design cannot separate them. First, FCMAE 
pretraining reconstructs masked regions of the input, which may produce features that are 
less dependent on any single local cue and more robust to clutter and partial occlusion, 
which are common in uncontrolled backgrounds (Woo et al., 2023). Second, ConvNeXt 
V2-Tiny has about 38% more parameters than EfficientNetV2-S, which provides more 
capacity. Third, its larger 7 × 7 depthwise kernels and GRN may favour the aggregation 
of context over wider regions. These explanations are hypotheses that would require 
ablation, for example comparing ConvNeXt V2 weights with and without FCMAE 
pretraining, to test. 

From a practical perspective, the combination of higher accuracy and lower single-
image latency on the tested GPU makes ConvNeXt V2-Tiny the more attractive of the 
two configurations for a server-based diagnostic service. The ranking may differ on 
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mobile CPUs or edge accelerators, where depthwise convolutions and memory bandwidth 
behave differently, so latency should be measured on the intended deployment device 
before a choice is made. 

The grouped split used in this study also has consequences for comparison with the 
literature. When nearly identical images are allowed to fall into both the training and test 
partitions, test accuracy partly measures memorization, and the estimated advantage of 
one model over another can be distorted (Xu et al., 2023). By quarantining label conflicts, 
removing duplicates, and keeping perceptually similar images in the same partition, this 
study accepts a potentially lower but more defensible estimate. The scores reported here 
should therefore not be compared directly with results obtained on randomly split 
versions of the same dataset. 

Because the dataset was collected in Central Java with smartphone cameras, the 
results are directly relevant to the development of smartphone-based tools for Indonesian 
potato growers. Such tools would face additional variation not represented in the internal 
test set, including other regions, cultivars, growth stages, and lighting conditions; low-
light acquisition, for instance, has been shown to require dedicated modelling strategies 
(Gondal et al., 2026). Field deployment would also need a way to handle images that do 
not contain a potato leaf or that show several disorders at once, which the seven-class 
formulation does not cover. 

A methodological detail also affects the interpretation of the training curves. The 
models were optimized with weighted cross-entropy, but checkpoints were selected using 
the unweighted validation cross-entropy. The selection criterion therefore favours 
checkpoints that are well calibrated on the overall validation distribution, which is 
dominated by the larger classes, rather than checkpoints that maximize performance on 
the small classes. Selecting checkpoints by validation macro-F1 instead could change the 
chosen epochs and the per-class balance of errors, and is a reasonable alternative to 
examine in future experiments. 

Limitations 
This comparison applies to two complete configurations with their respective initial 

weighting schemes, and the influence of architecture and pretraining has not been 
separated. The Nematode class has only seven test images, so per-class scores are 
sensitive to a few predictions. The pHash grouping controls detected similarity, while the 
possibility of photos from the same plant or session remains. External testing has not been 
carried out, and the scope of the results is limited to the internal test partition. The two 
models shared one set of hyperparameters and a 224 × 224 input, which may not be 
optimal for EfficientNetV2-S.  

The analysis used three seeds on a single fixed partition, so the bootstrap intervals do 
not capture variability due to re-splitting; repeated grouped splits or grouped k-fold cross-
validation would provide a more robust estimate. Per-class results, confusion matrices, 
and training and validation curves were not included, so convergence within 15 epochs 
and the per-class balance of errors could not be examined directly.   



 
Yoga Pamungkas 

 

 
Available online a https://ajosh.org/jsh/index 53 

 

CONCLUSION 
ConvNeXt V2-Tiny achieved a test accuracy of 87.97% and a macro-F1 of 85.21%, 

exceeding EfficientNetV2-S, which achieved 83.22% and 79.86%. The macro-F1 
difference of 5.34 percentage points had a 95% group-bootstrap interval of 2.43–8.50 
points, although the advantage varied by seed and the seed-42 McNemar test was not 
significant. ConvNeXt V2-Tiny was also faster on the single Tesla T4 GPU tested (11.70 
vs. 25.39 ms per image), and Grad-CAM showed differences in activation spread between 
the models. These findings indicate that ConvNeXt V2-Tiny is the more suitable 
candidate for server-based potato leaf diagnosis, while external location-based testing, 
measurement on deployment devices, and lesion-level validation of Grad-CAM are 
needed before field use. Methodologically, the results show that model comparisons on 
small field datasets should rely on leakage-controlled partitions, several training seeds, 
and paired uncertainty estimates. 
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