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focus on critical features relevant to classification in 
training and testing. For model training, various 
transformations are applied to the training data to ensure 
generalized and stable model training, including 
transposition, horizontal flip, vertical flip, shift-scale 
rotation, and normalization. Since resizing from 800×
600 to 512×512 can sometimes remove infected parts 
of the image affected by the disease. Therefore, we 
adopted a technique that was used to create five 512×
512 crops from each original image. To ensure the model 
had a comprehensive view for accurate disease detection 
during testing, five crops were taken from each image: 
four from the corners and one from the centre, as 
illustrated in Figure 3. The final prediction for each 
image was generated by averaging the class-wise 
probabilities across all five cropped regions. We 
evaluated the model’s performance using both cropping 
strategies, which we refer to as centre-crop and multi-
crop. Furthermore, to maximize the use of the training 
data, we implemented K-fold cross-validation using a 
5-fold approach, dividing the dataset into five equal 
subsets. In each iteration, one subset was designated for 
validation, while the remaining four were used for 
training. This process was repeated five times, ensuring 
each subset served as the validation set once and as part 
of the training set four times. This method provides a 
comprehensive evaluation of each model’s performance 
and generalization ability.

3-2. Models
In this research, we experimented with a lightweight 
deep-learning architecture designed to use fewer 
parameters while achieving higher accuracy in classifying 
cassava leaf diseases. Specifically, we utilized two types of 
models: CNN-based and transformer-based architecture, 
as detailed below:

ResNeXt[18]: ResNeXt, short for residual networks with 
external transformations, is a CNN-based architecture that 
builds the foundational principles of the ResNet (Residual 
Network) model. Unlike ResNet, which relies on multiple 
smaller paths, ResNeXt introduces groups of parallel 
paths. Each group contains multiple paths, with each path 
learning different features. This structured grouping 
allows the network to capture a broader range of 
features more effectively, eventually enhancing its overall 
classification of power. We fine-tuned ResNeXt50 using 
two distinct approaches. In the first approach, we directly 
added a classification layer, resulting in a model we refer 
to as ResNeXt50 23M. This model contains 22,990,149 
parameters (approximately 23 million) and requires 90 
MB of storage. In the second approach, we extended the 
fine-tuning by incorporating additional layers between 
ResNeXt50 and the final classification layer to facilitate 
more gradual transfer learning. This extended model, 
named ResNeXt50 26M, comprises 25,676,613 
parameters (approximately 26 million) and occupies 100 

Fig. 3 Pipeline of the proposed ensemble model with a unique image transformations technique 
for training and testing images
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MB of storage. These models were employed to evaluate 
the impact of parameter size on classification 
performance and efficiency.

EfficientNet-B5[19]: EfficientNet is a CNN architecture that 
uses a compound scaling method to proportionally adjust 
width, depth, and resolution, achieving both high accuracy 
and computational efficiency. The EfficientNet family 
provides a spectrum of models that balance complexity and 
accuracy, achieving strong classification performance with 
fewer parameters and reduced computational demands, 
while maintaining efficiency. Similarly, we utilized two 
variants of the EfficientNet B5 model to evaluate the impact 
of parameter size on inference time and overall efficiency. 
The first variant, similar to the fine-tuning approach of 
ResNeXt50 23M, is named EfficientNetB5 28M. It contains 
28,351,029 parameters (approximately 28 million) and 
occupies 108.15 MB of storage. The second variant, similar 
to ResNeXt50 26M, is an extended version named 
EfficientNet-B5 31M. It features 31,037,493 parameters 
(approximately 31 million) and occupies 120 MB of 
storage. These models were used to assess the trade-off 
between parameter size and the lightweight model’s 
performance in terms of speed and accuracy.

TinyViT[20]: TinyViT is a family of compact and efficient 
vision transformers designed for high performance with 
minimal computational resources. Pretrained on large-scale 
datasets, TinyViT employs a fast distillation framework, 
where a large pre-trained model (teacher) is scaled down 
into a smaller model (student) while preserving its core 
capabilities. This student-teacher distillation allows TinyViT 
to transfer knowledge effectively across various 
downstream tasks, delivering accurate results with fewer 
parameters and reduced memory requirements, making it 
ideal for resource-constrained environments. Similarly, we 
applied the same fine-tuning approaches to this model. The 
first approach is designated as TinyViT 20.6M, which 
contains 20,607,989 parameters and occupies 78.61 MB 
of storage. The second extended approach is referred to as 
TinyViT 20.8M, featuring 20,788,277 parameters and 
requiring 79.30 MB of storage. These experiments were 
carried out to assess the effect of small changes in 

parameter size on performance and efficiency.

3-3. Proposed Ensemble Model
This research proposes an ensemble method that 
integrates CNN-based models (ResNeXt, EfficientNet-B5) 
with a transformer-based model (TinyViT) to leverage 
their respective strengths and improve disease 
classification accuracy as shown in Figure 3. Leveraging 
multiple models typically boosts accuracy and robustness 
over individual models.

In this work, each model was underwent trained on the 
cassava leaf disease dataset and was fine-tuned with 
different hyperparameter settings. Their classification 
accuracy was analyzed, and performance-based weights 
were assigned using the brute force algorithm[21]. The 
brute force approach methodically explores all possible 
combinations to determine the optimal weights for the 
ensemble, ensuring accurate and fast results, making it 
ideal for fewer model combinations.

The final predictions were made using a weighted 
average of the base models’ predictions, with higher 
weights assigned to more accurate models. This ensemble 
approach mitigates the weaknesses of individual models 
by combining their predictions, as illustrated in Figure 3. 
Each model was trained separately, and their respective 
weights were used for evaluation. The ensemble 
prediction utilized various weight combinations to 
identify the optimal set that maximized accuracy. By 
incorporating the strengths of each model, this method 
enhances overall prediction performance rather than 
disregarding the limitations of any single model.

　　P x yi
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n

�
�
�arg max

1
� (1)

Here, P represents the optimal prediction from the 
ensemble model, where xi denotes the weight assigned to 
each model’s output, which is multiplied by the 
corresponding weight vector y. The variable n refers to 
the total number of models included in the ensemble.

3-4. Evaluation Metrics
We evaluate the performance of the models for each 
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class using various metrics such as precision, recall, and 
F1-Score, which are calculated using Eq. (2), (3), and (4), 
respectively. Where True Positives, False Positives, False 
Negatives, and True Negatives are represented as TP, FP, 
FN, and TN, respectively. For the overall evaluation of the 
model’s performance on multi-unbalanced classes, we 
employ the metrics from[22], as described in Eq. (5) rather 
than the previous average evaluation method[10][13]. Where 
N refers to the total number of classes, and ni represents 
the fraction of samples of particular class to the total 
number of samples. Mi denotes the value of the metric M 

for class i, where the metric M could be precision, recall, 
or F1-Score. To compare the performance of the different 
model variants, we examined the overall recall value. This 
metric is particularly important in this context, as the 
cost of missing an infected leaf (FN) is critical, potentially 
leading to the spread of disease to healthy leaves.
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We also measured the inference time of various models 
using two test strategies: centre-crop and multi-crop on 
the test images. The inference time, representing the 
duration required for model execution, was recorded in 
seconds. For the ensemble model, the inference time was 
measured to be approximately equal to that of the model 
with the maximum inference time.

4 		 RESULTS AND DISCUSSIONRESULTS AND DISCUSSION

The results of experiments conducted with various 
lightweight models are detailed in this section. Table 1 
compares the centre-crop and multi-crop classification 
performance on test images using two variants of the 
ResNeXt50 model with different parameter sizes. The 
smaller variant, ResNeXt50 23M, achieved the highest 
overall recall of 88.40% with the multi-crop strategy, 
outperforming the larger ResNeXt50 26M. However, 
when compared to ResNeXt, another CNN- based model, 
EfficientNet-B5 31M, showed an improvement of 0.83%, 

Table 1 Comparison of the two ResNeXt50 model variants, 
with 23M and 26M parameters, in terms of overall recall 

(%) using two testing strategies on the multi-class 
test classification dataset

Fold
ResNeXt50 23M ResNeXt50 26M

Centre-Crop Multi-Crop Centre-Crop Multi-Crop
1 88.00 88.43 87.34 87.82
2 87.31 87.52 87.61 87.50
3 87.94 88.38 87.73 88.06
4 87.33 87.47 87.73 87.99
5 88.10 88.27 87.78 87.89

Table 2 Comparison of the two EfficientNet-B5 model 
variants, with 28M and 31M parameters, in terms of 

overall recall (%) using two testing strategies on 
the multi-class test classification dataset

Fold
EfficientNet-B5 28M EfficientNet-B5 31M

Centre-Crop Multi-Crop Centre-Crop Multi-Crop
1 87.32 88.24 88.48 88.80
2 88.00 88.43 87.96 88.17
3 87.82 88.43 88.57 88.83
4 87.59 88.48 88.36 89.10
5 87.25 87.85 87.96 88.31

Table 3 Comparison of the two TinyViT model variants, 
with 20.6M and 20.8M parameters, in terms of overall 

recall (%) using two testing strategies on the multi- 
class test classification dataset

Fold
TinyViT 20.6M TinyViT 20.8M

Centre-Crop Multi-Crop Centre-Crop Multi-Crop
1 89.00 88.99 88.50 88.76
2 89.32 89.32 89.00 88.41
3 89.27 89.51 88.78 89.23
4 88.69 88.69 89.29 89.00
5 88.85 89.15 88.71 88.41

Table 4 Comparison of various lightweight models and 
their parameter variants in terms of inference time 

(seconds) for the two testing strategies on the 
multi-class test classification dataset

Model
Inference Time (seconds)

Centre-Crop Multi-Crop
ResNeXt50 23M 1.05734 5.52274
ResNeXt50 26M 1.10840 5.56961

EfficientNet-B5 28M 0.94257 5.20375
EfficientNet-B5 31M 1.35552 4.81913

TinyViT 20.6M 0.95797 5.87840
TinyViT 20.8M 0.99867 5.22033
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achieving an accuracy of 89.10% using the multi-crop 
strategy, as presented in Table 2. Moreover, despite 
having more parameters, EfficientNet-B5 required less 
execution time than ResNeXt, as shown in Table 4. This 
demonstrates that EfficientNet-B5 not only outperforms 
ResNeXt in terms of accuracy but also offers greater 
computational efficiency for multi-class classification 
tasks.

Based on the above results, we developed an ensemble 
model combining the best-performing variants of ResNeXt, 
EfficientNet-B5, and TinyViT. Interestingly, our multi-crop 
testing strategy consistently outperformed the centre-crop 
approach. This can be attributed to the fact that the 
diseased portion of the image may not always be located 
in the centre, and relying solely on the centre- crop could 
result in missing infected regions. To minimize the risk of 
undetected infections, which could lead to disease 
spreading to healthy plants, we employed the multi-crop 
strategy for testing our ensemble model. As shown in 
Table 5, our ensemble model achieved an F1-score of 
0.902 and an overall recall of 90.35%, surpassing the 
performance of the individual models and setting a new 
SOTA on the test dataset. The enhanced performance is 
attributed from the fact that different models tend to 
make errors on different data samples. One model might 
excel in learning certain features that others may not. This 
diversity among the models enhances the robustness of 
the ensemble, effectively reducing variance in prediction 
errors and yielding more reliable results.

5 		 CONCLUSIONCONCLUSION

This research concentrated on building an automated 
framework to detect and classify cassava leaf diseases at 
an early stage. The existing methods ensemble either 
CNN or Transformer models leading to gain in either 
computational complexity or efficiency. To overcome the 
challenges of high memory usage and computational 
demands, we explored various CNN and Transformer-
based lightweight models, including ResNeXt and 
EfficientNet-B5 (CNN), and TinyViT (Transformer). To 
achieve the best results, we applied centre and multi-crop 
transformation strategies to the testing dataset and 
utilized a cross-validation approach to fully utilize the 
entire dataset for training and testing. We optimized the 
ensemble method by using a brute force approach to 
determine the optimal weighted averaging of the models 
ideal to ensemble few models. Our experimental findings 
give a novel ensemble model that combines the strengths 
of transformation strategies with both CNN and 
Transformer architectures, delivering superior 

Table 5 Display the comparison results of the best-
performing lightweight models and our ensemble 

models across different evaluation metrics for 
each class and the overall testing dataset

Method Class Precision Recall F1-score

ResNeXt

CBB 0.6762 0.6544 0.6651
CGM 0.8112 0.7925 0.8017
CBSD 0.8624 0.7443 0.799
CMD 0.9444 0.9738 0.9588

Healthy 0.7344 0.7287 0.7315
Overall 0.8822 0.8843 0.8827

EfficientNetB5

CBB 0.7095 0.5853 0.6414
CGM 0.8271 0.7925 0.8094
CBSD 0.868 0.7808 0.8221
CMD 0.9471 0.9802 0.9634

Healthy 0.7319 0.7461 0.739
Overall 0.8877 0.891 0.8884

TinyViT

CBB 0.6652 0.6959 0.6802
CGM 0.7984 0.8134 0.8058
CBSD 0.8722 0.8105 0.8402
CMD 0.9581 0.9723 0.9651

Healthy 0.773 0.7326 0.7522
Overall 0.8943 0.8951 0.8945

Ensemble

CBB 0.7198 0.6866 0.7028
CGM 0.8398 0.8134 0.8264
CBSD 0.8909 0.8014 0.8438
CMD 0.9556 0.9806 0.9679

Healthy 0.7713 0.7713 0.7713
Overall 0.9019 0.9035 0.9023

On the other hand, the vision transformer-based model, 
TinyViT, outperforms both CNN-based models in terms of 
inference time and accuracy when using the centre-crop 
testing strategy, as detailed in Tables 3 and 4. Using the 
multi-crop strategy, TinyViT achieved 0.41% and 1.08% 
higher accuracy than ResNeXt and EfficientNet-B5, 
respectively, with an accuracy of 89.51% using only 
20.6M parameters. These results indicate that the 
lightweight transformer- based model for multi-class 
classification tasks outperforms the lightweight CNN- 
based models in terms of efficiency.
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performance with minimal memory and computational 
requirements. Although it involves a trade-off in 
computation time compared to individual models, it 
remains more efficient than earlier ensemble methods 
that relied solely on CNN or transformer-based models 
without considering computational complexity. In future 
work, we aim to validate this approach on devices like 
smartphones and agricultural robots for real-time 
detection of plant diseases in the field.
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