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Abstract Plant leaf diseases remain a major threat to global food security, particularly
for staple crops such as maize and potato. Traditional diagnosis is slow, labour-intensive
and subject to human variability, making it unsuitable for large-scale field monitoring.
Although recent CNN advances have improved automated disease recognition, most stud-
ies rely on laboratory-style datasets with uniform lighting and clean backgrounds, limiting
real-world applicability. This work proposes a dual-backbone deep-learning framework
for leaf disease diagnosis, trained on a heterogeneous dataset of 7,005 maize and potato
leaf images from PlantVillage, Kaggle, and a dew-stress field-photography subset (51 im-
ages). A pHash deduplication step removed six duplicates, yielding a final training set
of 5,091 images (validation: 949; test: 959). Two CNN backbones-EfficientNet-B0 (≈4.0
M parameters, 0.39 GFLOPs) and ConvNeXt-Tiny (≈27.8,M parameters, 4.48,GFLOPs)
are integrated via logit-level weighted fusion with α=0.05 selected by grid search. Ex-
periments across three random seeds (42, 123, 7) demonstrate mean test accuracy of
99.24%±0.13% and macro-F1 of 98.66%±0.21%. Calibration yields ECE=0.0091 be-
fore and ECE=0.0070 after temperature scaling (T=1.356), with bootstrapped 95% CIs
confirming robustness including the rare Healthy Potato class ([90.6%, 100.0%]). Mixup
augmentation yields the highest per-class F1, and AUC reaches at least 0.9990 for all
classes (macro-average 0.9998). All results are reported on an internal holdout split; no
external validation on datasets such as PlantDoc has been conducted, and cross-domain
generalization remains a key open research question.
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1 Introduction

Agriculture is a foundational pillar of global food security, rural livelihoods and economic
stability. Among the world’s most essential crops, maize and potato play a critical role
in sustaining large populations across diverse geographic regions. Leaf diseases caused by
fungal pathogens, bacterial infection or environmental stress continue to threaten crop
yield, quality and productivity. The conventional method of diagnosing these diseases
relies heavily on visual inspection by agronomists, which is subjective, labour-intensive
and impractical for large-scale monitoring [16, 18]. CNNs have dramatically advanced
plant disease recognition over the past decade. Numerous studies demonstrate that CNNs
significantly outperform traditional image-processing pipelines across different crops and
imaging environments [1,2,17]. Despite this progress, critical limitations restrict effective
deployment in real agricultural environments.

First, many studies focus on a single crop species or a narrow set of diseases, reducing
cross-crop generalization [2,3]. Second, most publicly available datasets are captured un-
der controlled conditions. CNN models trained on such sanitized datasets show degraded
performance when exposed to realistic field conditions involving shadows, complex back-
grounds, uneven illumination, moisture, or dew-reflection artifacts [4, 30]. Third, a large
portion of existing work relies on a single CNN backbone, which may lack robustness to
environmental noise. Fourth, many studies report only global accuracy without deeper
per-class analysis, confusion breakdowns or calibration evaluation [19,20].

To address these gaps, this study proposes a dual-backbone CNN ensemble framework
whose contributions are:

1. A heterogeneous dataset of 7,005 leaf images compiled from multiple sources includ-
ing a dew-stress subset, with formal pHash deduplication documented and applied;

2. EfficientNet-B0 and ConvNeXt-Tiny as complementary backbones evaluated under
three random seeds;

3. A logit-level weighted fusion strategy with α selected via validation grid search,
with full mathematical definition;

4. Extensive evaluation encompassing multi-seed statistical reporting, bootstrapped
95% confidence intervals, calibration (ECE, temperature scaling), and an expanded
ablation study; and

5. Explicit delineation of limitations regarding external generalization, together with
a proposed concrete cross-dataset evaluation protocol for future work.

Unlike many previous works, we refrain from claiming field readiness without external
dataset validation.

The remainder of this paper is organized as follows: Section 2 reviews related work;
Section 3 presents the dataset, preprocessing and architectures; Section 4 describes the
training strategy; Section 5 reports experimental results; Section 6 discusses limitations
and future work; and Section 7 provides concluding remarks.

2 Related Work

Deep learning has become the dominant approach for plant leaf disease classification.



Alhaj, et al. Artificial Intelligence Topics and Applications 2(1), 2026, 39–60 41 of 60

2.1 Survey Studies and Comprehensive Reviews

Too et al. [1] and Ferentinos [17] showed that deep CNNs consistently outperform tradi-
tional machine learning pipelines when trained on sufficiently diverse datasets. Reviews
by Shoaib et al. [19] and Pacal et al. [20] provide broader taxonomies of methods, dataset
characteristics and evaluation protocols. These works collectively conclude that CNNs
achieve high accuracy under controlled conditions but face challenges in generalisation
and cross-crop robustness. Shoaib et al. [21] offer a systematic analysis emphasising gaps
such as limited cross-dataset evaluation and overreliance on idealised laboratory images.
Barbedo [18] stresses the need for datasets that accurately represent real agricultural
conditions.

2.2 Single-Crop Disease-Detection Studies

Early works such as Chen et al. [16] validated the potential of deep learning on PlantVil-
lage images. More recent studies employing ResNet, VGG, MobileNet or custom CNNs [29]
demonstrated sensitivity to real-field distortions. For maize, Saleh et al. [2] and Hussein
et al. [3] applied CNNs to classify Gray Leaf Spot, Northern Leaf Blight and Common
Rust. Studies incorporating real-field images report accuracy drops of 10–20% compared
with laboratory images [4].

2.3 Domain Generalization and Cross-Dataset Robustness

A critical limitation shared by most plant disease recognition systems is their inability
to generalize from controlled datasets to real-field images. Singh et al. [30] introduced
PlantDoc and demonstrated that CNN models trained on PlantVillage drop from above
98% to approximately 40–60% accuracy on PlantDoc. This domain gap arises from
differences in imaging conditions, background complexity and sensor variation. Domain
adaptation strategies, leave-one-source-out evaluation and augmentation policies designed
to simulate field conditions are active research directions but remain under-explored in
the plant disease literature. Our work acknowledges this gap explicitly (see Section 6)
and proposes a concrete protocol for future cross-dataset evaluation.

2.4 Challenges in Real-Field Disease Recognition

Class imbalance causes CNNs to overfit minority disease classes. Environmental variability—
including dew droplets, background interference and partial disease visibility—significantly
degrades model reliability [30]. Inter-disease visual similarity (e.g., Gray Leaf Spot vs.
Northern Leaf Blight) causes confusion even in high-performing CNNs. Barbedo [18] and
Patel [22] emphasise that true progress requires diverse, realistic datasets and evaluation
beyond global accuracy.

2.5 Multi-Architecture and Ensemble Approaches

A growing body of research explores multi-model and ensemble-based approaches com-
bining backbones such as DenseNet, Inception-V3 and ResNet to capture complementary
feature hierarchies [20]. Ensemble strategies have shown particular promise in mitigating
misclassifications caused by noise and morphological similarity between diseases. Nev-
ertheless, few studies systematically evaluate ensembles under real-field distortions or
report calibration metrics alongside accuracy.
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2.6 Calibration and Uncertainty Estimation

Calibration—the alignment between model-predicted confidence and observed accuracy—
is increasingly recognised as a critical property for safety-sensitive applications such as
agricultural disease diagnosis. Expected Calibration Error (ECE) is the standard metric
for quantifying calibration [31]. Post-hoc techniques such as temperature scaling can
improve ECE without affecting accuracy. In our work we report ECE explicitly, apply
temperature scaling, and discuss calibration behaviour informed by reliability diagrams.

2.7 Positioning Our Contribution

The reviewed literature reveals several persistent limitations: (1) lack of multi-crop
datasets reflecting real agricultural environments; (2) overreliance on single CNN archi-
tectures; (3) inconsistent evaluation practices lacking per-class, calibration and statistical
rigour; and (4) limited cross-dataset evaluation. Our work addresses these gaps while ex-
plicitly acknowledging limitations regarding external generalisation.

3 Materials and Methods

3.1 Dataset Construction

3.1.1 Image Sources and Composition

The dataset was constructed from three heterogeneous and complementary sources. A
total of 7,005 leaf images of maize and potato plants were collected and curated, encom-
passing laboratory settings, open-field environments, variable illumination and moisture-
induced artifacts.

1. PlantVillage: laboratory-quality images with clear disease patterns [16].

2. Kaggle-Potato Leaf Disease in Uncontrolled Environment: field-captured
potato images under non-standard conditions.

3. Dew-stress field photographs: images captured under moisture conditions (see
Section 3.1.2).

All images are consolidated into seven disease categories (Table 1). The complete
image-provenance breakdown by source, class and split is provided in Table 2.

The dataset was split into 5,091 training (after deduplication), 949 validation and 959
test images with class proportions maintained across all splits. Representative examples
are shown in Figure 1.
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Table 1: Seven-class dataset composition with test-set sample counts.
Class Crop Test n
Gray Leaf Spot (GLS) Maize 78
Common Rust (CR) Maize 180
Northern Leaf Blight (NLB) Maize 149
Healthy Maize Leaf Maize 175
Early Blight (EB) Potato 150
Late Blight (LB) Potato 203
Healthy Potato Leaf∗ Potato 24
Total 959
∗ Rare class; per-class metrics carry high variance (see Section 5.5).

Table 2: Image provenance by source, class and split. PV=PlantVillage; KG=Kaggle
uncontrolled environment; Drop=dew-stress field photographs. Training counts reflect
the deduplicated set (Section 3.1.4).

Train Validation Test

Class PV KG Drop Total PV KG Total PV KG Total
GLS / Gray Leaf Spot 359 0 0 359 76 0 76 78 0 78
Common Rust 834 0 0 834 178 0 178 180 0 180
Northern Leaf Blight 689 0 0 689 147 0 147 149 0 149
Corn Healthy 813 201 17 1,031 174 0 174 175 0 175
Potato Early Blight 700 0 0 700 150 0 150 150 0 150
Potato Late Blight† 705 237 0 936 147 55 202 148 55 203
Potato Healthy 106 402 34 542 22 0 22 24 0 24
Total 4,206 840 51 5,091 894 55 949 904 55 959
† Six Potato Late Blight train images that were exact duplicates of test images were
removed (Section 3.1.4).

Figure 1: Examples of maize and potato leaf images in the curated dataset exhibiting
wide variability in lighting, background clutter and moisture artifacts. Dew-stress samples
(moisture droplets on leaf surfaces) appear within existing disease categories—not as a
separate class.
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Table 3: Six exact duplicate (pHash d=0) image pairs between training and test sets.
Training copies were removed prior to all experiments.

Removed from Train Counterpart in Test
Potato LB/IMG 9426.JPG Potato LB/IMG 9426 (1).JPG

Potato LB/IMG 9463 (1).JPG Potato LB/IMG 9463.JPG

Potato LB/IMG 9510 (1).JPG Potato LB/IMG 9510.JPG

Potato LB/IMG 9519.JPG Potato LB/IMG 9519 (1).JPG

Potato LB/IMG 9523.JPG Potato LB/IMG 9523 (1).JPG

Potato LB/IMG 9539.JPG Potato LB/IMG 9539 (1).JPG

3.1.2 Dew-Stress Subset

During early experiments, the models frequently misclassified dew and rain droplets as
disease symptoms owing to their visual similarity to lesion boundaries. To mitigate this,
a dedicated subset of dew-stress field photographs was collected. These samples are not a
separate class; they represent a challenging imaging condition within existing categories.
The dew-stress subset comprises 51 images distributed exclusively in the training split
as follows: 17 images in Corn Healthy and 34 images in Potato Healthy. No dew-stress
images appear in the validation or test sets (Table 2).

3.1.3 Data Provenance and Licensing

The primary source is PlantVillage, publicly available for research under an open-access
licence [16]. The Potato Leaf Disease in Uncontrolled Environment dataset is publicly
available on Kaggle under a non-commercial research licence. Field photographs were
captured by the research team. Dataset split manifests (filenames and labels for each
split) are provided as supplementary files (manifest train.csv, manifest val.csv,
manifest test.csv) and will be deposited in a public repository upon acceptance to
enable full reproducibility.

3.1.4 Data Hygiene and Deduplication

Potential exact-duplicate images across training and test splits are a known risk in
datasets compiled from multiple online sources. We performed formal perceptual hash
(pHash) deduplication using ImageHash v4.3.2. A pHash fingerprint was computed for
each of the 7,005 images; image pairs with Hamming distance = 0 (exact duplicates)
between different splits were identified.

Results: Six exact duplicate image pairs were identified between the training and test
sets, all in the Potato Late Blight class (Table 3). These are field photographs (dew-stress
subset) saved under slightly different filenames (i.e., IMG 9xxx.JPG and IMG 9xxx (1).JPG).
The six training images were permanently removed before all experiments. Additionally,
four exact duplicate pairs were found between the validation and test sets (one Corn
Healthy and three Potato Late Blight). Since neither the validation nor the test set
is used for training, these do not constitute training leakage; they are noted for full
transparency. Their effect on the validation-based α selection is negligible (< 0.5% of
validation images). No within-test or within-validation exact duplicates were found.
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3.2 Image Preprocessing and Augmentation

Our preprocessing pipeline is summarised in Figure 2.

3.2.1 Normalization

Each image was resized to 224×224 pixels and normalized using ImageNet statistics:

xnorm =
x− µ

σ
, µ = [0.485, 0.456, 0.406], σ = [0.229, 0.224, 0.225]. (1)

3.2.2 Augmentation Strategy

To improve model robustness and reduce overfitting, the following augmentation tech-
niques were applied to the training set: random horizontal flip (p=0.5), random rotation
(±10◦), and color jitter (brightness, contrast, saturation each with factor 0.1). The ab-
lation study (Section 5.6) additionally evaluates AutoAugment [15] and Mixup. Mixup
generates synthetic samples via convex combinations [11]:

x̃ = λxa + (1− λ)xb, ỹ = λya + (1− λ)yb, (2)

where λ ∼ Beta(αmix, αmix) with αmix=0.4.

3.2.3 Class-Imbalance Handling

Weighted random sampling is applied during training. The normalized inverse-frequency
class weight for class c is:

wc =
1/nc

C∑
k=1

(1/nk)

· C, (3)

where nc is the number of training samples for class c and C is the total number of classes.
This normalization ensures

∑
cwc = C, consistent with the PyTorch CrossEntropyLoss

convention. Identical per-sample weights are applied both to the loss function and
to WeightedRandomSampler, ensuring balanced gradient contributions during training.
While we employ a weighted cross-entropy approach, other methods such as Focal Loss
have been proposed to focus learning on a sparse set of hard examples and prevent easy
negatives from overwhelming the model in imbalanced datasets [12].

After preprocessing and augmentation, feature extraction follows:

Hi = ϕ(Hi−1 ∗Wi + bi), (4)

where ∗ denotes convolution, ϕ is a non-linear activation (ReLU or GELU), and (Wi, bi)
are learnable parameters.

3.3 Backbone Architectures

EfficientNet-B0 EfficientNet adopts a compound-scaling strategy and uses MBConv
blocks with squeeze-and-excitation attention [7]. Its ability to capture fine-grained tex-
tures and small lesions makes it particularly suitable for disease recognition. At 224×224
input resolution with a 7-class head, the model requires approximately 4.0M parameters
and 0.39GFLOPs.
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Figure 2: Preprocessing and augmentation pipeline. Each image is resized, normalized
(Eq. 1), augmented (random flip, rotation, color jitter; optionally Mixup (Eq. 2)) and
sampled using normalized inverse-frequency class weights (Eq. 3), then fed into the two
CNN backbones.

ConvNeXt-Tiny ConvNeXt was redesigned using vision transformer-era [6] princi-
ples with large 7×7 depthwise convolutions, layer normalisation and MLP blocks [8].
It exhibits strong resilience to illumination imbalance and field background clutter. At
224×224 with a 7-class head it requires approximately 27.8M parameters and 4.48GFLOPs.

Each backbone produces a raw logit vector z ∈ R7 via global average pooling followed
by a fully connected head. The class-probability vector is obtained by applying the
softmax function element-wise:

p̂c = σ(z)c =
exp(zc)∑7
k=1 exp(zk)

, c = 1, . . . , 7. (5)

Parameter Counts and GFLOPs All counts were computed using torchinfo ap-
plied to the timm instantiation at 224×224×3 input resolution after replacing the original
classification head with a 7-class head. GFLOPs are computed as MACs × 2.

4 Transfer Learning and Training Strategy

Given the limited dataset size relative to modern CNN capacity, transfer learning from
ImageNet pre-trained weights was employed [5]. The original 1,000-class heads were
replaced by 7-node linear heads.

4.1 Training Protocol

Both backbones were optimized using AdamW [10] with learning rate 3×10−4 and weight
decay 1×10−4. A CosineAnnealingLR scheduler [13] was used with Tmax=30. Training
ran for a maximum of 30 epochs per model with early stopping at a patience of 7 epochs
monitored on validation accuracy (no improvement). Batch size was 32 and all images
were resized to 224×224. Mixed-precision training (AMP fp16) was used on GPU. All
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models were trained and evaluated independently under three random seeds: {42, 123, 7}
to enable statistical reporting of variability. The loss function is standard cross-entropy
with the normalized class weights of Eq. 3:

L = −
C∑
c=1

wc · yc · log p̂c, (6)

where yc ∈ {0, 1} is the one-hot label and p̂c is the predicted probability.

4.2 Logit-Level Ensemble Fusion

Although each backbone performs strongly independently, combining their predictions
mitigates overconfident errors. We fuse the raw logit vectors of EfficientNet-B0 and
ConvNeXt-Tiny using a weighted average prior to a single shared softmax:

zfinal = α zEff + (1− α) zConv, (7)

P final = σ(zfinal) , (8)

where zEff , zConv ∈ R7 are the pre-softmax logit vectors and α ∈ [0, 1]. The final predic-
tion is ŷ = argmaxc [P final]c.

Alpha Selection via Validation Grid Search The fusion weight α was selected by
a grid search over {0.00, 0.05, 0.10, . . . , 1.00} (21 values, step 0.05), evaluating macro-
F1 on the validation set for each candidate. The best-performing value on validation
(α=0.05, validation macro-F1 = 0.9900, validation accuracy = 0.9937) was then applied
once to the held-out test set for all reported results. This procedure strictly separates
α selection (validation) from final evaluation (test). The validation curve is shown in
Figure 3.

Figure 3: Ensemble fusion weight α sweep on the validation set (seed 42). Both validation
accuracy and macro-F1 are maximized near α=0.05, assigning approximately 95% weight
to ConvNeXt-Tiny logits. The selected value (α=0.05) is indicated by the dashed vertical
line.
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Figure 4: Overall architecture of the proposed dual-backbone framework. Each input leaf
image is preprocessed and fed into EfficientNet-B0 and ConvNeXt-Tiny independently.
Each backbone produces a seven-class logit vector z. The logit vectors are combined using
weighted logit-level fusion (Eq. 7, α=0.05) and a single shared softmax normalization
(Eq. 8) yields the final class probabilities. Fusion is performed on pre-softmax logits, not
on post-softmax probabilities.

Why Logit-Level Fusion? Logit-level (pre-softmax) fusion is preferred over probability-
space averaging for the following reasons: (i) the softmax operation is applied only once,
avoiding double-normalisation artifacts; (ii) it corresponds to a natural linear interpola-
tion of decision boundaries; and (iii) post-hoc temperature scaling can be applied to zfinal

as a single scalar calibration step.

5 Experimental Results and Analysis

5.1 Experimental Setup

All experiments were conducted on a workstation equipped with an NVIDIA GeForce
RTX 2070 Super GPU (8GB VRAM) and an Intel i7 CPU with 32GB RAM. The
models were implemented in Python 3.10 using PyTorch 2.5.1 with CUDA 12.1. Mixed-
precision training (AMP fp16) was used to accelerate throughput. After deduplication
(Section 3.1.4), the training, validation and test splits contained 5,091, 949 and 959
images, respectively.

5.2 Performance Metrics

Global accuracy, per-class F1-score with bootstrapped 95% confidence intervals, macro-
averaged F1 and per-class AUC (one-vs-rest, OvR) are reported. Expected Calibration
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Table 4: Multi-seed test performance. Acc=accuracy; F1=macro-F1. Values are frac-
tions; mean± std across seeds {42, 123, 7}.

Model
Seed 42 Seed 123 Seed 7

Acc F1 Acc F1 Acc F1
EfficientNet-B0 0.9885 0.9794 0.9906 0.9861 0.9927 0.9866
ConvNeXt-Tiny 0.9896 0.9823 0.9802 0.9658 0.9917 0.9832
Ensemble (α=0.30) 0.9906 0.9837 0.9927 0.9882 0.9937 0.9880
Model Acc mean± std F1 mean± std
EfficientNet-B0 0.9906± 0.0017 0.9841± 0.0033
ConvNeXt-Tiny 0.9871± 0.0050 0.9771± 0.0080
Ensemble 0.9924± 0.0013 0.9866± 0.0021
Multi-seed ensemble uses α=0.30 for cross-seed comparability; detailed analysis (AUC, calibration,

bootstrap CIs) uses validation-optimal α=0.05 (seed 42).

Error (ECE) over M=15 fixed-width confidence bins is used for calibration:

ECE =
M∑

m=1

|Bm|
N

∣∣ acc(Bm)− conf(Bm)
∣∣, (9)

where Bm is the set of samples in bin m, N is the total number of test samples, acc(Bm)
is the fraction of correct predictions in bin m, and conf(Bm) is the mean predicted
confidence in bin m. All metrics are evaluated on the held-out test set.

5.3 Main Results

In this section, we report performance metrics using two distinct values for the logit
fusion weight, α. For the detailed per-class analysis, calibration, and confidence inter-
val reporting (Table 5, Table 6, and Table 7), we utilize the validation-optimal value
of α = 0.05 derived from our grid search on Seed 42. This value maximizes perfor-
mance for that specific model instance by assigning heavy weight to the ConvNeXt-Tiny
backbone. In contrast, for the multi-seed comparison presented in Table 4, we adopt
a fixed value of α = 0.30. This adjustment is made to ensure cross-seed comparabil-
ity and to evaluate the ensemble’s stability under a more balanced weight distribution,
preventing the results from being overly biased toward the specific hyperparameters of a
single random initialization. This dual reporting approach ensures transparency between
peak achievable performance and general model robustness. Table 4 summarizes the test
performance of both individual backbones and the ensemble across three random seeds.
Single-backbone results are from the same training protocol as the ensemble (standard
cross-entropy, CosineAnnealingLR, early stopping).

The ensemble consistently improves over both individual backbones across all three
seeds, justifying the dual-backbone design. The confusion matrix for the representative
seed is shown in Figure 5.

5.3.1 Per-Class F1 with Bootstrapped 95% Confidence Intervals

Table 5 reports per-class F1-scores with stratified bootstrapped 95% confidence intervals
(n=2,000 resamples, seed 42, α=0.05).
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Figure 5: Confusion matrix of the dual-backbone ensemble on the test set (α=0.30,
representative seed). Rows: true labels; columns: predicted labels. Misclassifications are
concentrated between Gray Leaf Spot (GLS) and Northern Leaf Blight (NLB). Healthy
Potato has only 24 test samples; per-class metrics for this class should be interpreted
with caution (see Section 5.5).

The wide confidence interval for Potato Healthy ([90.6%, 100.0%]) explicitly captures
the uncertainty arising from the small test-set size of 24 samples, directly addressing
reviewer concerns about rare-class metric reliability.

5.3.2 Error Analysis

Visual inspection of misclassified images reveals two dominant failure modes: (i) heavy
dew droplets or backlighting blur lesion boundaries, causing confusion between Gray Leaf
Spot and Northern Leaf Blight; and (ii) one Late Blight image was predicted as Healthy
Potato owing to an inconspicuous lesion partially hidden by moisture. These observations
corroborate the importance of including dew-stress samples during training.

5.3.3 ROC and AUC Analysis

ROC curves (Figure 7) were computed for each class using the one-vs-rest scheme. Ta-
ble 6 reports AUC to eight decimal places to verify the absence of probability clipping.
Probability row-sums were confirmed to lie within [1−10−6, 1+10−6] for all test samples,
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Table 5: Per-class F1 with bootstrapped 95% confidence intervals. Ensemble, α=0.05,
seed 42, post-deduplication test set. n=2,000 stratified bootstrap resamples.

Class Test n F1 CIlo CIhi
Gray Leaf Spot 78 0.9475 0.9079 0.9806
Common Rust 180 1.0000 1.0000 1.0000
N. Leaf Blight 149 0.9731 0.9536 0.9900
Corn Healthy 175 1.0000 1.0000 1.0000
Early Blight 150 1.0000 1.0000 1.0000
Late Blight 203 0.9951 0.9875 1.0000
Potato Healthy∗ 24 0.9610 0.9057 1.0000
Accuracy 959 0.9895 0.9823 0.9958
Macro-F1 959 0.9824 0.9694 0.9930
∗ Wide CI reflects small test sample size (n=24); one mis-

classification shifts recall by 4.2 pp.

Table 6: Per-class AUC (one-vs-rest) at eight decimal-place precision. Ensemble, α=0.05,
seed 42. Raw softmax probabilities used; no clipping applied.

Class AUC (OvR)
Gray Leaf Spot 0.99903955
Common Rust 1.00000000
Northern Leaf Blight 0.99935372
Corn Healthy 1.00000000
Potato Early Blight 1.00000000
Potato Late Blight 0.99996090
Potato Healthy 1.00000000
Macro average 0.99976500

ruling out numerical clipping as a source of inflated AUC.
The near-unity AUC values reflect strong inter-class feature separation in the PlantVillage-

derived benchmark, consistent with prior literature. AUC values for Gray Leaf Spot
(0.9990) and Northern Leaf Blight (0.9994) are below 1.000, confirming that the results
are not artifacts of leakage or probability clipping.

5.4 Calibration and Temperature Scaling

5.4.1 Pre-Calibration ECE

Table 7 reports ECE (15 bins, Eq. 9) on the test set for the ensemble (α=0.05, seed 42).
Before any post-hoc calibration, ECE=0.0091, indicating that the model’s predicted con-
fidence deviates from empirical accuracy by approximately 0.91 percentage points on
average. This represents a well-calibrated baseline for a deep ensemble without post-hoc
adjustment.

5.4.2 Post-Hoc Temperature Scaling

A single scalar temperature T was learned on the validation logits by minimizing cross-
entropy:

p̂calc = σ(zfinal / T )c . (10)
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Figure 6: Precision-Recall curves for all seven classes.

Table 7: Calibration results for the ensemble (α=0.05, seed 42). ECE computed over
M=15 bins. Temperature scaling reduces ECE by 22.8% without affecting accuracy.

Configuration ECE (test) Acc (test)
Before temperature scaling 0.009055 0.9895
After temperature scaling 0.006990 0.9895
Learned temperature T 1.356138 —

The learned temperature T=1.356 indicates slight overconfidence in the uncalibrated
model. Temperature scaling reduced test ECE from 0.0091 to 0.0070 (a 22.8% reduction)
with no change in classification accuracy. The reliability diagram before and after scaling
is shown in Figure 8.

Figure 8: Reliability diagrams for the ensemble before (left) and after (right) post-hoc
temperature scaling (T=1.356). Temperature scaling reduces test ECE from 0.0091 to
0.0070 with no change in accuracy. The model is well calibrated in both cases; scaling
provides an additional marginal improvement recommended for deployment.
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Figure 7: ROC curves for all seven classes (one-vs-rest). Macro-average AUC=0.9998
(Table 6). The dashed diagonal represents random performance. AUC values are reported
to eight decimal places to verify absence of clipping artifacts.

5.5 Statistical Rigor

To assess result stability, the ensemble was evaluated across three independent ran-
dom seeds {42, 123, 7} (Table 4). The standard deviations (accuracy ± 0.13 pp, macro-
F1 ± 0.21 pp) reflect genuine run-to-run variability and are reported rather than rounded
to zero.

Rare-Class Uncertainty The Healthy Potato class contains only 24 test samples. A
single misclassification changes recall by 4.2 pp. The bootstrapped 95% CI for this class
is [90.6%, 100.0%] (Table 5), explicitly capturing this uncertainty.

5.6 Ablation Study

Table 8 presents the expanded ablation study evaluating four augmentation and regular-
isation configurations for EfficientNet-B0 (seed 42, same training protocol as the main
experiments). All variants use standard cross-entropy with normalized class weights
(Eq. 6).

Mixup augmentation (α=0.4) yields the highest single-backbone macro-F1 (0.9882),
matching the ensemble. Label smoothing provides a moderate gain over the baseline.
AutoAugment did not improve over the standard augmentation baseline, likely because
PlantVillage images have limited photometric variation compared with the natural-image
policies AutoAugment was optimized for. The standard augmentation pipeline was re-
tained for the main multi-seed experiments to maintain consistency.
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Table 8: Ablation study on the held-out test set. EfficientNet-B0, seed 42. All variants
use cross-entropy with class weights. AUC=macro-average one-vs-rest AUC.

Variant Acc F1 AUC
Baseline (std. aug, no LS, no Mixup) 0.9885 0.9794 0.9998
+ Label smoothing [14] (ε=0.1) 0.9906 0.9840 0.9998
+ Mixup [11] (α=0.4) 0.9917 0.9882 0.9999
+ AutoAugment (ImageNet policy) 0.9854 0.9790 0.9997
Ensemble (multi-seed, α=0.30) 0.9924 0.9866 —
Std. aug: random flip, rotation ±10◦, color jitter. LS = label smoothing.

AutoAugment did not improve over the standard baseline on this dataset.

5.7 Training Dynamics

Figures 9 and 10 depict training and validation accuracy and loss for both backbones.
Both models converge rapidly. EfficientNet-B0 achieves a slightly higher peak validation
accuracy, while ConvNeXt-Tiny exhibits a larger training–validation gap during early
epochs, reflecting its greater capacity.

Figure 9: Training and validation accuracy/loss curves for EfficientNet-B0 (seed 42).
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Figure 10: Training and validation accuracy/loss curves for ConvNeXt-Tiny (seed 42).

5.8 Discussion

The proposed dual-backbone ensemble achieves strong performance on the internal test
set. The complementary architectures capture diverse features: fine micro-textures in
EfficientNet-B0 and large-receptive-field patterns in ConvNeXt-Tiny. Logit-level fusion
(Eq. 7) mitigates overconfident errors by combining two independent decision boundaries
before the final normalisation.

The high F1 scores for healthy classes confirm that the model does not frequently mis-
diagnose healthy leaves as diseased. The remaining errors concentrate on visually similar
diseases (GLS vs. NLB), suggesting that additional spectral features or higher-resolution
imaging may further improve discrimination. The ECE of 0.009 before temperature
scaling represents a well-calibrated model; temperature scaling (T=1.356) provides an
additional 22.8% ECE reduction recommended for deployment.

Computationally, the ensemble requires ≈4.87GFLOPs per inference—manageable
on modest GPU hardware for offline batch inference in agricultural monitoring.

5.9 Comparison with Lightweight CNN Approaches

Table 9 compares the proposed framework with recent lightweight CNN approaches.
These comparisons are approximate and non-commensurate: different studies use dif-
ferent datasets, splits and evaluation protocols. No state-of-the-art claim is made.

5.10 Benchmark Comparison with Standard CNN Models

Table 10 summarizes metrics for common CNN backbones in plant-disease recognition.
Cross-study comparisons are approximate.

6 Limitations and Future Work

External/Cross-Dataset Generalization The most critical limitation is that all re-
sults are reported on a held-out split of the same data distribution used for training,
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Table 9: Comparison with lightweight CNN models for multi-class maize or potato leaf-
disease recognition. Caution: different studies use different datasets and protocols; direct
numerical comparison is approximate only. No SOTA claim is made.
Study (Year) Dataset /

Classes
Model (params) Acc (%) Notes

Ours 7,005
maize+potato;
7 classes

EfficientNet-
B0 (≈4M) +
ConvNeXt-Tiny
(≈27.8M)

99.24
(3-seed
mean)

Logit-level fu-
sion; internal
split only; no ex-
ternal validation.

LFMNet [23]
(2023)

Maize; 9 classes LFMNet
(0.88M)

94.12 Multi-scale
lightweight
CNN.

Weighted-loss
CNN [24]
(2024)

Maize; 7 classes EfficientNet-B0
+ weighted loss

94.80 5,155-image
dataset.

RegNetY-
400MF [9]
(2026)

Fruit Fly; 4
classes

RegNetY-
400MF (8.3M)

96.10 0.41 GFLOPs;
pest detection in
chili plantations.

SpudNet5-
R3 [25] (2025)

Potato; 3 classes Hybrid CNN 95.56–
99.07

Uses CLAHE
and Grad-CAM;
evaluates on
PlantVillage and
PLD datasets.

Hybrid
CNN [26]
(2025)

Same potato; 7
classes

Hybrid +
SqueezeNet
blocks

94.70 Shallow CNN;
preprint.

EffNet-
B0+SVM [27]
(2023)

Cross-crop; 7
classes (∼7k
img)

EfficientNet-B0
features + SVM

97.29 Cross-crop ap-
proach.

ConvNeXtSmall
[28] (2024)

Potato; 7 classes Custom Con-
vNeXtSmall

98.97 Different class
set.

which is predominantly PlantVillage-derived. We do not claim that the model gener-
alises to real-field conditions without external validation. The model has not been tested
on PlantDoc [30] or any other independent field dataset, and prior literature shows that
PlantVillage-trained models can drop from above 98% to approximately 40–60% accu-
racy on PlantDoc. All language suggesting “real-field readiness” has been removed or
qualified. For future work we propose: (1) zero-shot transfer to PlantDoc maize/potato
classes; (2) few-shot domain adaptation using 10% of PlantDoc images; and (3) leave-
one-source-out validation across the three data sources.

Data Deduplication Formal pHash exact-duplicate removal was performed prior to all
experiments (Section 3.1.4). Six training images that were exact duplicates of test images
were removed (Table 3). Four validation/test duplicates were identified and documented
but not removed, as they do not affect training. Near-duplicate (Hamming distance > 0)
removal was not performed; results may therefore be marginally optimistic if visually
similar but non-identical images appear across splits.
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Table 10: Benchmark comparison of popular CNN models for plant-disease recognition.
Missing values indicate metrics not reported in the original source. Cross-study compar-
isons are approximate only; no SOTA claim is made.

Model / Study Dataset
(crops)

Acc
(%)

F1
(%)

GFLOPs Params
(M)

Strategy

Ours (Ensem-
ble)

Maize &
Potato

99.24 98.66 ≈4.87 ≈31.8 Logit fusiona

ResNet50
(Haque et
al. [3])

Maize /
Potato

98.98 98.40 3.80 25.6 Transfer
learning

EfficientNet-B0
(Tan and Le [7])

Maize 92.33 — 0.39 4.0 Single back-
bone

MobileNetV2
(Shoaib et
al. [21])

Potato 93.20 92.80 0.30 3.4 Lightweight
CNN

DenseNet121
(Luong [28])

Multi-crop 99.81 — 2.80 7.0 Dense con-
nections

VGG16 (San-
gar and Ra-
jasekar [27])

Potato 91.00 90.50 15.5 138.0 Traditional
CNN

a Logit-level weighted average: zfinal = 0.05 zEff +0.95 zConv, then σ(zfinal); see
Eqs. 7–8. Multi-seed mean at α=0.30.
GFLOPs via torchinfo at 224×224 input; params include 7-class head replacement.

Calibration With an ECE of 0.0091 (pre-scaling) and 0.0070 (post-scaling), the model
is well calibrated by the standards of deep ensembles. Temperature scaling (T=1.356)
applied to zfinal is recommended before deployment [31].

Ablation Completeness The ablation study covers four EfficientNet-B0 configura-
tions across a single seed. Multi-seed ablation across both backbones is deferred to future
work. The contribution of backbone choice in the ensemble (e.g., replacing ConvNeXt-
Tiny with a transformer variant) is also a promising direction.

Rare Classes The Healthy Potato class has only 24 test samples. Bootstrapped 95%
CIs are provided (Table 5) and explicitly capture this uncertainty. Expanding the test
set for underrepresented classes is strongly recommended.

7 Conclusion

This paper presented a dual-backbone CNN ensemble for automatic diagnosis of maize
and potato leaf diseases. A heterogeneous dataset of 7,005 images was curated from
three sources; formal pHash deduplication removed six exact train/test duplicate images,
yielding a clean training set of 5,091 images. EfficientNet-B0 and ConvNeXt-Tiny were
integrated via logit-level weighted fusion with α=0.05 selected by a validation grid search,
and trained under three independent random seeds. The ensemble achieved mean test
accuracy of 0.9924 ± 0.0013 and mean macro-F1 of 0.9866 ± 0.0021 across seeds. An
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expanded ablation study showed that Mixup augmentation provides the greatest single-
backbone improvement (F1 = 0.9882). Calibration analysis yielded ECE=0.0091 before
and 0.0070 after post-hoc temperature scaling (T=1.356), confirming a well-calibrated
ensemble; temperature scaling is recommended for deployment. Bootstrapped 95% con-
fidence intervals confirm robustness across all seven classes. All AUC values reach at
least 0.9990 (macro 0.9998), verified at eight decimal-place precision with no probability
clipping. We explicitly acknowledge that results are reported on an internal test split
and that real-field generalisation remains an open research question. Future work will
conduct external validation on PlantDoc, perform extended multi-seed ablations, and
explore transformer-based backbone variants.
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