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 Abstract 

Tomato leaf disease is still diagnosed manually across most producing 
regions, a process too slow and subjective to scale to modern field sizes. This 
paper narrows the question asked by a companion seven-architecture 
benchmark to a sharper, three-way comparison: how do a lightweight single-
stage detector repurposed for classification (YOLOv8n-cls), a densely-
connected convolutional network (DenseNet121), and a modernised pure-
convolutional backbone (ConvNeXt-Tiny) compare, not only on curated 
laboratory imagery but on their ability to survive the transition to field-
captured photography? Using a class-balanced, 23,727-image, ten-class 
tomato leaf dataset, all three architectures were fine-tuned under an 
identical protocol and evaluated on a held-out 1,500-image in-distribution 
test split. YOLOv8n-cls and DenseNet121 tied for the best controlled-
condition result at 96.20% accuracy and 96.19% weighted F1-score, with 
ConvNeXt-Tiny close behind at 96.13% accuracy. The same three 
architectures were then independently retrained and evaluated on a five-
class, field-captured subset of the CCMT dataset to probe generalisation. 
Here the ranking inverted: ConvNeXt-Tiny, the weakest of the three under 
laboratory conditions, generalised best by a wide margin (85.32% field 
accuracy, 85.01% F1-score), followed by DenseNet121 (81.88%, 81.62%), 
while YOLOv8n-cls — despite tying for first place on curated imagery — 
generalised worst of the three (77.64%, 76.60%). The gap between 
laboratory and field accuracy therefore ranged from 10.81 points 
(ConvNeXt-Tiny) to 18.56 points (YOLOv8n-cls), a reversal that a 
laboratory-only comparison of these three models would never have revealed. 
We argue that architecture family, not parameter count or laboratory 
accuracy, is the more reliable signal of field robustness among the three 
backbones studied, and we discuss what this means for choosing a 
deployment architecture in practice. 
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INTRODUCTION 
Tomato (Solanum lycopersicum) is grown across 
nearly every agro-climatic zone in the world and 
remains one of the highest-value vegetable crops for 
smallholder and commercial farmers alike. Its yield, 
however, is chronically eroded by leaf-borne diseases 
bacterial spot, early and late blight, leaf mould, 
septoria leaf spot, spider-mite infestation, target spot, 
mosaic virus and the yellow-leaf-curl virus among the 
most common — several of which can reduce 
marketable yield by a third or more if left 
undiagnosed for even a short window [10], [11], [12]. 
In most producing regions, diagnosis is still 
performed visually by an agronomist or the grower, a 
process that is slow, subjective and difficult to scale to 
the size of ahh modern field. 
Deep-learning classifiers routinely exceed 95% 
accuracy on curated tomato-leaf benchmarks such as 
PlantVillage [3], but that figure is measured against a 
plain, uniformly-lit background that has little in 
common with a phone photograph taken in an actual 
field. A recent benchmarking study, TLD46k [1], 
made this gap explicit, showing that YOLO11 
classifiers trained on one source domain lost 30–75 
percentage points of accuracy when evaluated on 
another. The present paper follows the same line of 
inquiry but narrows the architectural scope to three 
representative, widely-used backbones — one 
lightweight detector-derived classifier (YOLOv8n-cls) 
and two ImageNet-pretrained CNN families 
(DenseNet121 and ConvNeXt-Tiny) — so that the 
trade-off between laboratory accuracy and field 
robustness can be examined closely for exactly the 
three architectures a practitioner is most likely to be 
choosing between when parameter budget, not 
benchmark novelty, is the constraint. 
This paper contributes: (i) a head-to-head, matched-
protocol comparison of ConvNeXt-Tiny, 
DenseNet121 and YOLOv8n-cls on a curated, class-
balanced, 23,727-image tomato leaf dataset; (ii) an 
independent field-condition generalisation test of the 
same three architectures on a held-out subset of the 
field-captured CCMT dataset; and (iii) evidence that, 
among these three specific architectures, the model 
that wins under laboratory conditions is not the 
model best suited to field deployment. 
 
 

Ii. Related Work 
Early large-scale tomato-disease datasets were 
dominated by PlantVillage [3], which supplies over 
50,000 leaf images across 14 crop species 
photographed against a plain background under 
controlled lighting; several audits have since shown 
that this uniformity lets even shallow classifiers reach 
near-perfect accuracy while learning little about real 
foliage variation [1], [4]. CCMT [5] sits at the other 
end of the spectrum: collected under semi-controlled 
field photography for cashew, cassava, maize and 
tomato, it offers substantially more visual diversity 
while remaining large enough to train a classifier 
from scratch, and is used here as the field-condition 
test bed. 
DenseNet121 [6] remains a strong, widely-used 
transfer-learning baseline for plant-disease 
classification because its dense inter-layer connectivity 
encourages feature reuse and its ImageNet pretraining 
transfers well to small, domain-specific datasets; 
unlike the additive skip connections popularised by 
ResNet [16], DenseNet concatenates feature maps 
across layers, a design choice reported to improve 
gradient flow and parameter efficiency. ConvNeXt [7] 
modernises the same convolutional recipe with 
design choices borrowed from the transformer 
literature [17] — larger kernel sizes, an inverted 
bottleneck and layer normalisation — while keeping a 
pure-convolutional backbone; it has not, to our 
knowledge, previously been benchmarked against 
DenseNet and a YOLO-derived classifier specifically 
on tomato disease imagery under a matched field-
generalisation protocol. YOLOv8 [8] belongs to a 
separate lineage: originally a single-stage object 
detector [19] descended from the anchor-based ideas 
of Faster R-CNN [13] and SSD [14], its classification 
head repurposes the same efficient backbone for 
whole-image labelling, trading some of the 
representational capacity of a dedicated CNN for a 
substantially smaller parameter count. 
The work closest to ours is TLD46k [1], which cross-
validates YOLO11 classifiers across merged 
PlantVillage, CCMT and PlantDoc [9] subsets and 
finds that no single source generalises well to the 
others. That study, by design, restricts itself to one 
architecture family. The present paper asks a 
complementary question on a fixed, smaller set of 
three architectures: given equal training data and 
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protocol, which of a lightweight detector-derived 
classifier, a dense CNN, and a modernised 
convolutional network best survives the move from 
lab to field — and does the laboratory leaderboard 
predict the field leaderboard at all? 
 
 
 
 
 
 

Iii. Materials And Methods 
A. Overall Pipeline 
Fig. 1 summarises the end-to-end workflow used in 
this study: the curated 23,727-image tomato 
collection is cleaned and resized, split into class-
balanced train, validation and test partitions, used to 
independently fine-tune the three candidate 
architectures, and finally evaluated both in-
distribution and on the held-out, field-captured 
CCMT subset. 

 

 
Fig. 1. End-to-end methodology pipeline for the three-architecture benchmark, from curated imagery to dual-

condition evaluation. 
 
B. Dataset 
The primary experiment uses a curated, tomato-only 
collection of 23,727 leaf images spanning ten 
categories — nine disease classes and a healthy control 
— assembled from PlantVillage-style photography 
(Table I, Fig. 2). The raw class distribution is 
imbalanced by close to a factor of five (Yellow Leaf 
Curl Virus, 5,944 images, versus Mosaic Virus, 1,163 
images), a ratio typical of naturally-collected disease 
imagery and retained here rather than artificially 
flattened. For computational tractability on a single 
T4 GPU, training itself was carried out on a class-
balanced sub-sample — 600 training, ~100 validation 

and 150 test images per class (6,000 / 989 / 1,500 
images respectively). 
A second, independent dataset was used exclusively 
to probe field-condition generalisation: the tomato 
subset of CCMT [5], restricted to the five classes 
common across its raw collection (healthy, leaf blight, 
leaf curl, septoria leaf spot and verticillium wilt) and 
split into 4,042 training, 867 validation and 872 test 
images. Because CCMT images are captured directly 
in cultivation settings rather than against a plain 
backdrop, this subset stands in for the field condition 
discussed in Section IV-B. 

 
Table I. Class-Wise Split Of The Curated 10-Class Tomato Dataset 

Class Train Val. Test Total 

Bacterial Spot 1,602 178 445 2,225 

Early Blight 882 98 244 1,224 

Late Blight 1,451 161 402 2,014 
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Class Train Val. Test Total 

Leaf Mold 889 98 246 1,233 

Mosaic Virus 838 93 232 1,163 

Septoria Leaf Spot 3,358 373 932 4,663 

Spider Mites 1,220 135 338 1,693 

Target Spot 1,033 114 286 1,433 

Yellow Leaf Curl Virus 4,281 475 1,188 5,944 

Healthy 1,538 170 427 2,135 

Total (72.0/8.0/20.0%) 17,092 1,895 4,740 23,727 

 

 
Fig. 2. Class-wise distribution of the curated 10-class tomato leaf dataset (train / validation / test). 

 
C. Preprocessing 
All images were converted to RGB, resized to 224 × 
224 pixels and normalised with ImageNet channel 
statistics (mean = [0.485, 0.456, 0.406], std = [0.229, 
0.224, 0.225]). During training, the CNN pipeline 
(DenseNet121, ConvNeXt-Tiny) additionally applied 
random horizontal flipping, random rotation (±15°) 
and colour-jitter (brightness and contrast, ±20%) to 
reduce over-fitting; YOLOv8n-cls used Ultralytics' 
built-in classification augmentation pipeline (mosaic, 
flips and HSV jitter) at default settings. 
 
D. Model Architectures 
Three classifiers were trained and compared. 
YOLOv8n-cls was taken from Ultralytics' pretrained 
classification checkpoints; at 1.44 million parameters 
it is roughly an order of magnitude smaller than a 

fine-tuned DenseNet121, making it a natural 
candidate for on-device or edge deployment. 
DenseNet121 [6] and ConvNeXt-Tiny [7] were 
initialised from ImageNet-1k weights and fine-tuned 
end-to-end with a task-specific classification head (a 
dropout–linear–ReLU–dropout–linear stack for 
DenseNet121). 
 
E. Training Configuration 
All three models were trained under a matched 
protocol so that reported differences reflect 
architecture rather than schedule: 10 epochs, batch 
size 32, AdamW optimisation [15], early-stopping 
patience of 4 epochs and a fixed random seed (42) for 
reproducibility (Table II). 
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Table Ii. Training Configuration 

Hyper-parameter Value 

Epochs 10 

Early-stopping patience 4 

Batch size 32 

Learning rate 1e-3 (CNN); auto (YOLO) 

Optimizer AdamW 

Input resolution 224 × 224 px 

Random seed 42 

GPU NVIDIA Tesla T4 (15.6 GB) 

 
F. Evaluation Protocol 
Performance is reported with accuracy, precision, 
recall and weighted F1-score. Two evaluation regimes 
are used: an in-distribution test on the balanced 
1,500-image tomato test split (Section IV-A), and an 
independent field-condition test on the held-out 
CCMT split (Section IV-B), which approximates the 
lab-to-field domain shift highlighted by TLD46k [1]. 
 
 
 
 
 

Iv. Results And Discussion 
A. Controlled-Condition Performance 
Table III and Fig. 3 summarise the weighted-average 
metrics of the three classifiers on the balanced, 1,500-
image, in-distribution test split. YOLOv8n-cls and 
DenseNet121 tie for first place at 96.20% accuracy 
and 96.19% weighted F1-score; ConvNeXt-Tiny is a 
close third at 96.13% accuracy and 96.11% F1-score. 
The spread across all three is only 0.07 percentage 
points, reinforcing that on curated imagery of this 
kind, architecture choice among reasonably deep, 
ImageNet-pretrained networks is a second-order 
effect. 

 
Table Iii. Controlled-Condition Test Results (N = 1,500) 
Rank Model Acc. (%) Prec. (%) Rec. (%) F1 (%) 

1 YOLOv8n-cls 96.20 96.26 96.20 96.19 

1 DenseNet121 96.20 96.23 96.20 96.19 

3 ConvNeXt-Tiny 96.13 96.21 96.13 96.11 
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Fig. 3. Accuracy, precision, recall and weighted F1-score of the three classifiers on the controlled-condition test 

split. 
  
Per-class inspection of the two best-tied models 
(reported in the companion seven-architecture study 
on the same dataset) shows both YOLOv8n-cls and 
DenseNet121 dip below 93% F1-score on two classes 
in particular: Septoria Leaf Spot (91.15% and 
91.22% F1 respectively) and Tomato Yellow Leaf 
Curl Virus (92.73% and 92.57% respectively), with 
the Yellow Leaf Curl Virus error being recall-
dominated rather than precision-dominated — i.e., 
both models under-detect this class more often than 
they over-predict it, despite it being the single largest 
class in the training set. 
 

B. Field-Condition Generalisation Test 
The generalisation test retrains and evaluates all three 
architectures on the five-class CCMT split described 
in Section III-B. Table IV and Fig. 4 report the 
resulting accuracy, F1-score and the generalisation 
gap relative to each model's own laboratory test 
accuracy. ConvNeXt-Tiny generalises best by a clear 
margin (85.32% accuracy, 85.01% F1-score, a gap of 
only 10.81 points), followed by DenseNet121 
(81.88%, 81.62%, gap 14.32 points); YOLOv8n-cls, 
despite tying for the best laboratory result, generalises 
worst of the three (77.64%, 76.60%, gap 18.56 
points). 

 
Table Iv. Field-Condition (Ccmt) Generalisation Results 

Model Lab Acc. (%) Field Acc. (%) Field F1 (%) Gap (pts) 

ConvNeXt-Tiny 96.13 85.32 85.01 10.81 

DenseNet121 96.20 81.88 81.62 14.32 

YOLOv8n-cls 96.20 77.64 76.60 18.56 
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Fig. 4. Lab (in-distribution) versus field-condition (CCMT) accuracy for ConvNeXt-Tiny, DenseNet121 and 

YOLOv8n-cls. 
 
This inversion — the two models that tied for first 
place under laboratory conditions swap to being the 
two worst generalisers, while the laboratory third-
place model becomes the clear field-condition winner 
— is the central finding of this narrower, three-
architecture comparison (Fig. 5). It mirrors, on an 

independent and smaller set of models, the domain-
shift problem documented for TLD46k [1], and it 
suggests that among ConvNeXt-Tiny, DenseNet121 
and YOLOv8n-cls specifically, a practitioner choosing 
on the basis of laboratory accuracy alone would select 
the architecture least suited to field deployment. 

 
 

 
Fig. 5. Generalisation gap (laboratory test accuracy minus field accuracy) by architecture. 
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C. Why the Ranking Inverts 
A plausible explanation lies in inductive bias rather 
than parameter count. ConvNeXt-Tiny's larger 
effective receptive field and transformer-inspired 
design choices (large-kernel depthwise convolutions, 
layer normalisation) may encourage it to rely on more 
holistic, less background-dependent cues than the 
smaller, detector-derived YOLOv8n-cls backbone, 
which was originally optimised for localisation on 
comparatively clean imagery. DenseNet121's dense 
connectivity sits between the two, both in parameter 
count and in generalisation behaviour. Confirming 
this explanation would require gradient-based 
attribution (e.g., Grad-CAM [18]) comparing what 
each network attends to on CCMT imagery, which 
we leave for future work. 
 
V. Conclusion And Future Work 
This paper compared three widely-used architectures 
— ConvNeXt-Tiny, DenseNet121 and YOLOv8n-cls — 
on a curated tomato leaf disease dataset and on an 
independent, field-captured generalisation test. 
Under laboratory conditions the three models were 
effectively tied, clustering within 0.07 percentage 
points of one another at approximately 96% accuracy. 
Under field conditions the ranking inverted entirely: 
ConvNeXt-Tiny, the weakest of the three in the 
laboratory, became the strongest generaliser, while 
YOLOv8n-cls, tied for the best laboratory result, 
generalised worst. For practitioners choosing among 
exactly these three architectures, this result argues for 
evaluating on field-representative imagery before 
deployment, rather than relying on a laboratory 
benchmark leaderboard. 
Future work should extend this three-way comparison 
with gradient-based visual explanations (Grad-CAM 
[18]) to confirm the inductive-bias hypothesis in 
Section IV-C, and should evaluate whether merging 
PlantVillage-style and CCMT-style imagery during 
training narrows the generalisation gap for all three 
architectures, as suggested by the TLD46k benchmark 
[1]. 
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