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Abstract— Current phytopathological diagnostic systems 

rely on manual inspections or laboratory analyses, which 

delay early detection and limit in-field responsiveness. 

Phytopathogenic fungal diseases pose a persistent threat to 

food security, directly affecting the productivity of essential 

crops such as potato (Solanum tuberosum) and tomato 

(Solanum lycopersicum) [1]–[5]. Among these diseases, 

Phytophthora infestans, the causal agent of late blight, is 

characterized by its high virulence and rapid spread, 

capable of generating significant losses in short periods 

when detection occurs too late [3], [4]. 

To address this issue, a computer vision and deep learning–
based system for multistage detection of fungal infections in 

potato and tomato crops is proposed. The system comprises 

a convolutional neural network optimized for edge 

processing and a mobile robotic platform equipped with a 

manipulator arm for localized treatment application. The 

developed model was deployed on a Raspberry Pi 4 

connected to a 12-MP Raspberry Pi Camera Module 3 NoIR, 

responsible for acquiring RGB images in the field. 

The proposed network was compared with reference 

architectures—ResNet-50, VGG16, MobileNetV2, and 

Inception-v3—within a four-stage detection pipeline: crop 

identification, health-state classification, infection diagnosis, 

and foliar severity estimation. A dataset of 18,200 images 

obtained from publicly accessible online sources, under 

diverse lighting and background conditions, was used, 

partitioned into 70% for training, 20% for validation, and 

10% for testing. 

Preliminary results show an average accuracy in the range 

of 0.90–0.92, with inference latencies below 60 ms per image, 

ensuring smooth performance on the Raspberry Pi 4 without 

requiring cloud connectivity. Additionally, the network 

demonstrated higher sensitivity to visual variations 

compared to the baseline models. 

 

Keywords: computer vision; deep learning; agricultural 

robotics 

 

I.  INTRODUCTION 

Fungal diseases affecting agricultural crops remain one of the 

most decisive factors in yield loss and instability within food 

production systems [1]–[3]. In high-value species such as potato 

(Solanum tuberosum) and tomato (Solanum lycopersicum), the 

incidence of pathogens belonging to the Phytophthora genus has 

produced a sustained impact over recent decades [4]. Within this 

group, Phytophthora infestans, the causal agent of late blight, 

remains one of the most devastating diseases due to its rapid 

spread and the difficulty of detecting it in its early stages [4], [5]. 

Its aggressive nature and ability to adapt to variable 

environmental conditions have made its control a persistent 

challenge for modern agriculture [6]. 

In response to this situation, precision agriculture has 

incorporated computer vision and deep learning technologies as 

key tools for automated plant disease detection and monitoring 

[7], [8]. These techniques enable partial replacement of 

conventional manual or laboratory-based inspection methods, 

offering faster and more reproducible diagnostics. However, a 

recurring limitation is that most models are developed and 

validated in controlled environments, with uniform lighting and 

backgrounds [9], [10]. 

Most plant disease detection models have been validated under 

controlled conditions, which restricts their applicability in real 

agricultural settings where environmental variability is 

significant. Recent studies highlight that laboratory-trained 

models tend to lose accuracy under non-controlled conditions 

due to variations in lighting, leaf textures, and visual noise [9], 

[10], [7], [8]. 

 

In this context, convolutional neural networks (CNNs) have 

emerged as the leading strategy for automated diagnosis, owing 

to their ability to extract hierarchical features and discriminate 

complex visual patterns associated with different phytosanitary 

states [6], [11]. Nevertheless, the effectiveness of these networks 

depends on balancing accuracy with computational efficiency, 

particularly when aiming to deploy them on embedded 

processing devices. Recent research has explored this challenge 

through architectures such as ResNet-50, VGG16, 
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MobileNetV2, and Inception-v3, adapted via transfer learning 

[12]–[15]. These approaches demonstrate that inference times 

can be reduced without sacrificing accuracy, enabling real-

world applications of visual diagnosis in the field. 

 

To address the observed limitations and the need for viable on-

site solutions, this study proposes a multistage detection system 

for fungal infections in potato and tomato crops, based on a 

custom convolutional neural network optimized for accuracy 

and inference speed in real environments. The proposed 

architecture runs on a Raspberry Pi 4 using images captured by 

a NoIR camera, processing data directly at the acquisition point. 

The system is integrated into a mobile robotic platform for 

image capture and targeted treatment application, demonstrating 

the feasibility of deploying embedded artificial intelligence 

capable of operating autonomously and efficiently in real 

agricultural scenarios [16], [17]. 

II.  METHODOLOGY 

The methodology implemented in this research was designed to 

develop, train, and evaluate a computer vision system capable of 

automatically detecting fungal infections in potato and tomato 

crops using convolutional neural networks executed on 

embedded hardware. The methodological process was divided 

into five main stages: image acquisition, preprocessing, CNN 

model design and comparison, validation, and performance 

evaluation [5]–[8]. 

 

2.1. Image Acquisition 

 

The dataset consisted of 18,200 images of potato (Solanum 

tuberosum) and tomato (Solanum lycopersicum) leaves, 

categorized as healthy or infected by Phytophthora infestans. 

These species were selected due to their economic relevance in 

the Andean region and their high susceptibility to late blight, as 

widely reported in the literature [3], [4]. 

 

Images were captured under diffuse natural light between 8:00 

and 11:00 a.m., using heterogeneous backgrounds, with the aim 

of approximating real field conditions and avoiding the bias 

introduced by controlled environments. This recommendation 

has been highlighted in recent studies noting the performance 

drop observed when laboratory-trained models are evaluated 

under field conditions [7], [9]. 

 

Images were standardized to 224 × 224 px, and data 

augmentation techniques (rotations, flips, and 

brightness/contrast adjustments) were applied to improve 

generalization capacity, following common practices in plant 

disease detection [6], [8]. 

 

The dataset was split into 70% training, 20% validation, and 

10% testing. It was organized into four classes: healthy potato, 

potato with late blight, healthy tomato, and tomato with late 

blight, with approximately 4550 images per class, resulting in a 

balanced dataset (≈25% per class) over a total of 18,200 images. 
Each class includes leaves at different stages of disease 

development, ranging from early lesions with small necrotic 

spots to advanced symptoms showing extensive necrosis and 

partial defoliation. 

 

While heterogeneous backgrounds (soil, foliage, crop 

structures) and natural lighting variations within the 8:00–11:00 

time window were included, extreme meteorological conditions 

(heavy rain, dense fog, nighttime illumination, or strong 

backlighting) were not incorporated. 

 

No dedicated artificial lighting module was added; the system 

was designed to operate using the diffuse natural illumination 

typical of the selected time range, with the aim of reducing 

hardware costs and avoiding specular reflection artifacts 

produced by direct light sources. The NoIR camera was used 

without an additional infrared filter, allowing stable capture of 

chromatic variations associated with late blight symptoms. 

 

This decision simplifies the hardware; however, it also implies 

that system performance depends partially on ambient lighting 

conditions, particularly the influence of abrupt changes in 

illumination (hard shadows, dense clouds, etc.). Thus, the 

dataset reflects a realistic yet controlled field scenario that 

should be expanded in future work to cover a broader range of 

climates and visual conditions. The impact of lighting variability 

on detection quality is discussed in Section 4.4, Limitations and 

Opportunities for Improvement. 

 

2.2. Preprocessing and Visual Processing Pipeline 

 

The overall classification process is schematically illustrated in 

Figure 1, which depicts the workflow from image acquisition to 

final inference. In this phase, images were normalized, 

augmented, and subsequently processed by the selected neural 

network. The final output corresponds to the class prediction 

with the highest probability, which is interpreted by the 

embedded system to support diagnostic decisions or localized 

spraying actions. 

 

 



 3 

 

Figure 1. Flowchart of the visual processing pipeline developed 

for the multistage detection of fungal infections. 

 

The processing pipeline shown in Figure 1 begins with the 

acquisition of an RGB image of the crop canopy using the 

Raspberry Pi Camera Module 3 NoIR while the mobile platform 

moves between rows. The image is then intensity-normalized 

and converted into the HSV color space to highlight chromatic 

variations associated with foliar damage and partially mitigate 

lighting effects. Subsequently, foliar tissue segmentation is 

performed by applying HSV thresholds and morphological 

operations, preserving primarily the leaf region while reducing 

background interference. 

The segmented region is then cropped and resized to 224 × 224 

pixels for the reference models, or to 299 × 299 pixels in the case 

of the CNNₚᵣₒₚᵢₐ, normalizing pixel values to the [0,1] range. The 

pre-processed image is then fed into the selected network 

(ResNet50, VGG16, MobileNetV2, InceptionV3, or CNNₚᵣₒₚᵢₐ), 
producing as output a probability vector over the target classes, 

from which a maximum-probability decision rule is applied. For 

the CNNₚᵣₒₚᵢₐ, a minimum confidence threshold is additionally 

considered to discard unreliable predictions. Finally, the 

resulting label and its associated probability are sent to the 

navigation and control module of the robotic platform, which 

can either record the detection on a georeferenced map or 

activate the localized application of treatments on plants 

classified as diseased. 

 

2.3. Reference Architectures 

 

To establish a robust baseline, four widely used computer vision 

architectures were evaluated: ResNet50, VGG16, 

MobileNetV2, and InceptionV3. All models were fine-tuned 

through transfer learning by replacing their final classifier layers 

to adapt them to the target classes, following common practices 

in automated foliar disease detection using CNNs. 

 

Training of both the baseline architectures and the proposed 

model was carried out in Google Colab Pro using an NVIDIA 

Tesla T4 GPU (16 GB VRAM), 25 GB of RAM, and a CUDA 

11.2–based runtime environment. A batch size of 32 was used, 

with input images of 224 × 224 px for ResNet50, MobileNetV2, 

and VGG16, while InceptionV3 used 299 × 299 px. Training 

was conducted using 5-fold cross-validation with 5 epochs per 

fold, resulting in approximately 100 total epochs per model and 

an average training time of 18–22 minutes per network. 

The trained weights were subsequently evaluated on a 

Raspberry Pi 4 to validate their feasibility for edge inference, 

particularly in agricultural diagnostic tasks where computational 

resources are limited [18]–[21]. 

Figures 2 to 4 present the results obtained in the three 

classification stages: species identification, general health-state 

classification, and tomato leaf–specific classification. 

 

 

 
(a) 

 

 
(b) 

 

 
(c) 

 

 
(d) 

 

Figure 2. Confusion matrices obtained for species classification 

(potato/tomato): (a) ResNet-50, (b) MobileNetV2, (c) VGG16, 

and (d) Inception-v3. 

 

In Figure 2, corresponding to species classification 

(potato/tomato), the deeper models—VGG16 and Inception-

v3—achieved the highest overall performance, with accuracy 
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rates exceeding 94%. The matrices exhibit a prediction pattern 

concentrated along the main diagonal, reflecting strong inter-

class consistency. In contrast, ResNet-50 and MobileNetV2 

show a bias toward the majority class (tomato), evidenced by the 

accumulation of false positives when identifying potato leaves. 

This behaviour suggests that, although both models are robust, 

their training process was more sensitive to class imbalance. 

These findings align with recent studies indicating that lighter 

architectures tend to prioritize minimizing global error at the 

expense of sensitivity [21], [24]. 

 

 
(a) 

 

 
(b) 

 

 
(c) 

 
(d) 

 

Figure 3. Confusion matrices obtained for general health-state 

classification (healthy/unhealthy): 

(a) ResNet-50, (b) MobileNetV2, (c) VGG16, (d) Inception-v3. 

 

In Figure 3, the behaviour of the same models when classifying 

general health status (healthy/unhealthy) becomes more evident. 

Here, the differences between architectures are more 

pronounced. ResNet-50, MobileNetV2, and VGG16 exhibit a 

tendency to classify all samples as diseased, resulting in high 

sensitivity but near-zero specificity. This phenomenon is typical 

of datasets with strong class asymmetry, where the model 

minimizes loss by prioritizing the dominant class. In contrast, 

Inception-v3 shows a balanced distribution of true positives and 

true negatives, correctly identifying 23 out of 32 healthy leaves 

and achieving perfect performance in the diseased class. Its 

multiscale architecture and use of factorized convolutions 

provide enhanced discrimination under visual noise and colour 

variability, a behaviour also reported by authors such as Khan et 

al. (2023) [25]. 

 

 
(a) 

 

 
(b) 
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(c) 

 

 
(d) 

 

Figure 4. Confusion matrices obtained for health-state 

classification in tomato leaves: 

(a) ResNet-50, (b) MobileNetV2, (c) VGG16, (d) Inception-v3. 

 

In Figure 4, corresponding to health-state classification in 

tomato leaves, the structural differences between architectures 

become evident in their ability to adapt to more complex 

scenarios. Inception-v3 and ResNet-50 achieve the best results, 

with balanced distributions and minimal inter-class errors, 

whereas MobileNetV2 exhibits overfitting toward the unhealthy 

category (misclassifying 205 healthy leaves as diseased). 

VGG16, despite its higher computational cost, maintains stable 

and consistent performance, confirming its usefulness as a 

reference model for cross-validation. These results reinforce that 

deeper architectures and those with greater filter diversity offer 

superior spatial representation of foliar tissue, facilitating the 

detection of subtle changes associated with early infection 

stages [28], [30]. 

 

Accordingly, in these validations, deeper architectures exhibit 

stable behaviour, with Inception-v3 standing out as the most 

accurate (≈94%), followed by VGG16 (≈91%). MobileNetV2 
and ResNet-50 showed slight losses in sensitivity for minority 

classes, consistent with recent findings regarding learning under 

class imbalance conditions [25], [31]. 

 

2.4. Proposed Convolutional Neural Network (CNN) 

 

Based on the performance analysis of the reference 

architectures, a custom convolutional neural network was 

designed to achieve a balance between accuracy and 

computational efficiency for deployment on embedded devices. 

The CNNₚᵣₒₚᵢₐ is built upon the InceptionV3 backbone pretrained 

on ImageNet, to which a lightweight classification head was 

added and optimized for the four target classes (healthy potato, 

infected potato, healthy tomato, infected tomato). 

Input images first undergo segmentation in the HSV colour 

space to highlight foliar tissue and reduce background influence. 

The resulting crop is then resized to 299 × 299 px and 

normalized to the [0,1] range while maintaining three channels 

(RGB). This 299 × 299 × 3 tensor is fed into the InceptionV3 

convolutional backbone, preserving its main convolutional 

blocks and initially freezing most of its weights. 

A custom classification head was implemented on top of the 

backbone: 

• A GlobalAveragePooling2D layer, compressing spatial feature 
maps into a fixed-length feature vector. 

• A dense layer with 256 neurons and ReLU activation, acting 
as a nonlinear projector of the backbone’s extracted features. 
• A Dropout layer with a 0.5 rate, used as a regularizer to 
mitigate overfitting. 

• A final dense layer with 4 neurons and SoftMax activation, 

producing the probability distribution over the four target 

classes. 

The structure of CNNₚᵣₒₚᵢₐ was defined through a sensitivity 

analysis on kernel size (3×3) and effective filter depth in the 

backbone, prioritizing configurations that reduced latency 

without compromising classification stability. This design 

significantly reduced computational load compared with heavier 

models (such as VGG16) while maintaining moderate 

complexity (≈5.8 GFLOPs and ≈21.8 M parameters). 
Training followed a scheme of 20 epochs per fold, consisting of 

5 warm-up epochs (training only the dense head with the 

backbone frozen) and 15 fine-tuning epochs, during which the 

upper InceptionV3 layers were gradually unfrozen. Data 

augmentation, Dropout, and an early stopping criterion based on 

validation loss were employed to limit overfitting. Training and 

validation loss/accuracy curves were monitored in each fold, 

without signs of pronounced divergence. 

The complete process lasted approximately 5 h 40 min for the 

five folds, including evaluation and generation of individual 

confusion matrices. In testing, the model achieved an average 

accuracy of 95.67% ± 2.12%, with peaks up to 98.08% in some 

folds, while maintaining latency suitable for real-time operation 

on a Raspberry Pi 4 (0.030 s/image). 

 

2.5. Performance Evaluation 

 

Model performance was quantified using widely adopted 

classification metrics: accuracy (Accuracy), precision (P), 

sensitivity or recall (R), specificity (S), and the F1 score (F₁), 
defined as: 

 𝐴ܿܿݕܿܽݎݑ = ்௉+்ே்௉+்ே+ி௉+ிே             (1) 

݊݋݅ݏ݅ܿ݁ݎܲ  = ்௉்௉+ி௉                                     (2) 

 ܴ݈݈݁ܿܽ = ்௉்௉+ிே                (3) 

ݕݐ݂݅ܿ݅݅ܿ݁݌ܵ  = ்ே்ே+ி௉                (4) 

1ܨ  = 2 × ௉௥௘௖௜௦௜௢௡×ோ௘௖௔௟௟௉௥௘௖௜௦௜௢௡+ோ௘௖௔௟௟               (5) 
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where: 

• TP = True Positives 

• TN = True Negatives 

• FP = False Positives 

• FN = False Negatives 

 

The metrics were calculated for each class and subsequently 

averaged using a macro-averaging scheme, in order to obtain a 

balanced evaluation even in the presence of dataset imbalances. 

This approach allows estimating the overall stability of the 

model without favouring majority classes. 

Validation was performed using a 5-fold cross-validation 

scheme (K = 5), producing independent metrics for each fold 

and a final consolidated result expressed as mean ± standard 

deviation. This procedure enabled the analysis of model 

variability and its capacity for generalization. 

Additionally, individual confusion matrices were generated for 

each fold. These were then used to construct the global 

confusion matrix for the CNNₚᵣₒₚᵢₐ, presented in Figure 5, which 

summarizes the consolidated distribution of TP, FP, TN, and FN 

and facilitates a visual interpretation of the model’s overall 
pattern of correct and incorrect classifications. 

Beyond the summarized metrics, training and validation loss and 

accuracy curves were monitored for each fold. No significant 

divergence was observed in the CNNₚᵣₒₚᵢₐ, indicating the absence 

of severe overfitting under the employed data augmentation, 

Dropout, and progressive fine-tuning scheme. The combination 

of 5-fold cross-validation, explicit regularization, and 

continuous monitoring of learning curves allowed for a more 

reliable estimation of the model’s generalization ability on the 
test set. 

 

 

 
Figure 5. Global confusion matrix of the CNNₚᵣₒₚᵢₐ, obtained 
from the consolidation of five cross-validation folds (K = 5). 

 

A qualitative analysis of the false positive (FP) and false 

negative (FN) patterns observed in the per-fold confusion 

matrices and in the global matrix (Figure 5) was also conducted. 

In the CNNₚᵣₒₚᵢₐ, most FP cases originated from healthy leaves 

exhibiting mechanical damage, discoloration due to water stress, 

or other types of spots that the model interpreted as infection 

symptoms. Conversely, FN cases were concentrated in very 

early infection stages, where lesions were small and exhibited 

low contrast. Because FN errors are particularly critical in the 

context of early detection, the interpretation of model 

performance prioritized the sensitivity (recall) of diseased 

classes over a slight increase in FP. 

 

Due to space constraints, this work does not include visual 

examples of misclassified images; however, the qualitative 

characterization described above was considered when adjusting 

decision thresholds. As future work, a detailed visual analysis of 

these misclassified cases is proposed to further refine the model 

and the preprocessing pipeline. 

 

2.6. System Performance Evaluation 

 

The vision system was designed to be integrated into a mobile 

robotic platform capable of autonomous navigation between 

crop rows and equipped with a manipulator arm for localized 

treatment application. In the proposed configuration, the 

Raspberry Pi 4 and Raspberry Pi Camera Module 3 NoIR are 

mounted on the front of the robot, at an approximate height of 

0.8–1.0 m above the canopy, with an inclination that enables 

capture of the main foliar plane. 

The acquired images are processed on the Raspberry Pi 4 

following the workflow described in Figure 1, generating class 

labels and associated probabilities for each observed leaf. These 

labels are synchronized with the robot’s positional data 
(odometry and, in later stages, GNSS/IMU sensors) to construct 

georeferenced severity maps. Based on these maps, the 

controller can activate the manipulator arm and a variable-rate 

spraying system, applying treatments only to plants diagnosed 

as diseased. 

In the current phase of the project, tests were conducted on 

images captured under field conditions but processed offline. 

Continuous operation validation—running the system onboard 

the robot while traversing production plots—is planned as a next 

stage and constitutes one of the primary directions for future 

evaluation. 

 

III.  RESULTS 

This section presents the quantitative results obtained during the 

evaluation of the system. Reported metrics include classification 

performance, variability observed during training, and 

embedded execution performance. All values correspond 

directly to the experimental results obtained. 

 

3.1 Experimental Configuration 

 

The tests were conducted following the protocol established in 

the Methodology, using a Raspberry Pi 4 as the inference 

platform. Input images were processed at 224 × 224 px for 

ResNet50, MobileNetV2, and VGG16, and at 299 × 299 px for 

InceptionV3 and the proposed model. The dataset was divided 

into 70% for training, 20% for validation, and 10% for testing. 

Metrics were computed using 5-fold cross-validation (K = 5), 

employing macro-averaged measures. The tests also included 

inference time (s/image), GFLOPs, and total parameter count. 
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3.2 Overall Performance by Architecture 

 

Table I presents the results obtained for each evaluated 

architecture. The table includes accuracy and mAP metrics, 

computational complexity, and the average inference time 

measured directly on the Raspberry Pi 4. 

 

Table I. Overall results of the evaluated architectures 

 

Model Accura

cy (%) 

mA

P 

(%) 

Tiem

po 

inf. 

(s/im

g) 

FLO

Ps 

(G) 

Parámet

ros (M) 

ResNet50 94.24 95.2 0.145 4.7 25.6 

MobileNet

V2 

77.38  90.7 0.058 0.35 3.4 

VGG16 94.70  95.9 0.201 15.3 138 

Inception

V3 

94.16  92.0 0.272 6.4 23.8 

Own 

Network 

95.67 ± 

2.12 

≈96.
8 

0.030 ≈5.8 ≈21.8 

 

In addition to the global metrics, class-level metrics were 

computed for the CNNₚᵣₒₚᵢₐ in order to evaluate its ability to 

discriminate specific phytosanitary conditions within each crop. 

Table II summarizes the average precision (P), sensitivity or 

recall (R), and F₁-score per class, obtained from the consolidated 

global confusion matrix across the five folds. 

 

Table II. Metrics by class for CNN 

Class Precision 

(%) 

Recall 

(%) 

F₁-score 

(%) 

Healthy potato 94.8 94.1 94.4 

Potato with late 

blight 

96.7 97.5 97.1 

Healthy tomato 94.2 95.0 94.6 

Tomato with late 

blight 

97.4 96.9 97.1 

 

These values show that the model maintains balanced 

performance across classes, with slight improvements in the 

diseased categories, where sensitivity (recall) is prioritized to 

reduce the likelihood of false negatives in infection detection. 

 

3.3 Model Variability (K–Fold) 

 

The values presented in Table I correspond to the averages 

obtained after executing the K–Fold procedure. The observed 

variability is reflected in the standard deviations reported for the 

Accuracy values of MobileNetV2, VGG16, the standard 

InceptionV3 model, and the proposed model. 

For each architecture, average metrics were computed across the 

five folds, accompanied by their respective standard deviations, 

providing a basic estimate of the uncertainty associated with 

dataset partitioning. Although this work does not present formal 

confidence intervals or statistical significance tests between 

models, the combination of cross-validation and reporting of 

mean ± standard deviation offers an initial approximation to 

variability analysis. The incorporation of confidence intervals 

and specific statistical tests is proposed as a natural complement 

in future work. 

 

3.4 Embedded Execution Performance 

 

Execution on the Raspberry Pi 4 yielded the following inference 

times: 

 

• InceptionV3 + Segmentation + Fine-Tuning: 0.030 

s/image 

• MobileNetV2: 0.058 s/image 

• ResNet50: 0.145 s/image 

• VGG16: 0.201 s/image 

• InceptionV3 (standar): 0.272 s/image 

 

Computational complexity ranged from 0.35 to 15.3 GFLOPs, 

while the number of parameters varied between 3.4 M and 138 

M depending on the architecture evaluated. 

Considering only the inference stage of the CNNₚᵣₒₚᵢₐ, an 

inference time of 0.030 s/image corresponds to a theoretical rate 

of ≈33 images per second on the Raspberry Pi 4. In practice, the 
full pipeline also includes image capture, color-space 

conversion, HSV segmentation, and resizing, which introduce 

additional overhead. In the tests conducted, this preprocessing 

remained on the same order of magnitude as inference, resulting 

in end-to-end latencies in the tens of milliseconds per image—
compatible with near real-time diagnostic applications. 

A more detailed study of effective FPS during continuous 

trajectories, considering different capture frequencies and 

system load configurations, has been identified as a necessary 

next stage to more precisely characterize the temporal 

performance of the complete pipeline. 

 

 

3.5 Summary of Observed Results 

 

The experimental values allow identifying the following 

quantitative findings: 

 

• The InceptionV3 + Segmentation + Fine-Tuning model 

achieved the highest Accuracy (95.67% ± 2.12%). 

• The lowest inference time corresponded to the 

proposed model (0.030 s/image). 

• MobileNetV2 showed the greatest variability 

(±31.08%). 

• VGG16 exhibited the highest computational 

complexity (138 M parameters, 15.3 GFLOPs). 

• Standard InceptionV3 obtained the highest latency 

(0.272 s/image). 

 

The values presented in this section correspond exclusively to 

the experimentally obtained quantitative results and will serve 

as the basis for the analysis developed in the Discussion section. 

 

3.6 Preliminary Estimation of Energy Consumption and 

Autonomy 

 

Based on the nominal specifications of the devices, a 

preliminary estimation of the energy consumption of the vision 

module was performed. Under continuous inference conditions, 
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the Raspberry Pi 4 exhibits an approximate power consumption 

of 5–6 W, while the NoIR camera contributes around 1 W, 

resulting in a total consumption of approximately 6–7 W for the 

perception subsystem. 

If this module is powered by a 100 Wh battery (equivalent to a 

12 V, ≈8.3 Ah unit), the theoretical autonomy of the vision 
system alone is approximately 14–16 hours of continuous 

operation. In real scenarios, this autonomy will be reduced due 

to the additional consumption of the robot’s locomotion system 
and auxiliary sensors. Experimental quantification of total 

system consumption under different mission profiles is proposed 

as future work, aimed at more precisely determining operational 

autonomy in the field. 

 

IV.  DISCUSSIONS 

The obtained results allow analysing the effectiveness of the 

proposed system from three main perspectives: diagnostic 

accuracy, edge inference efficiency, and applicability of the 

model in real agricultural environments. 

 

4.1. Interpretation of Architectural Performance 

 

The deep reference architectures maintained high performance, 

with Accuracy values close to 94% for ResNet50, VGG16, and 

standard InceptionV3 (94.24%, 94.70%, and 94.16%, 

respectively). This behaviour confirms the robustness of these 

model families for hierarchical feature extraction, as reported by 

Szegedy et al. (2016) and He et al. (2016) [19], [18]. 

However, the proposed model—InceptionV3 with HSV-based 

segmentation and fine-tuning—achieved the highest overall 

accuracy in the study, with 95.67% ± 2.12%, outperforming all 

evaluated architectures. This performance was achieved with 

moderate computational complexity (≈5.8 GFLOPs and ≈21.8 
M parameters), lower than VGG16 (15.3 GFLOPs, 138 M 

parameters) and comparable to ResNet50 and standard 

InceptionV3. This pattern aligns with observations made by 

Ferentinos (2018) and Ghosal et al. (2021), who indicate that 

structural optimization combined with an adequate 

preprocessing stage can improve accuracy without 

unnecessarily increasing computational load [6], [16]. 

Furthermore, the proposed model achieved the lowest inference 

time (0.030 s/image) among all architectures, remaining far 

below VGG16 (0.201 s/image) and standard InceptionV3 (0.272 

s/image). This balance between accuracy and latency meets the 

operational requirements of embedded autonomous diagnostic 

systems in the field, where response speed is critical for real-

time decision-making. 

In this work, the CNNₚᵣₒₚᵢₐ was compared against four reference 

convolutional architectures (ResNet50, VGG16, MobileNetV2, 

and InceptionV3), covering both deep models and a lightweight 

architecture designed for edge devices (MobileNetV2). 

However, recent variants such as Efficient Net-Lite and YOLO-

nano detectors were not included, despite their potential to offer 

even more favourable trade-offs between accuracy and latency, 

particularly on hardware such as Jetson Nano or other higher-

capacity embedded modules. 

Similarly, the comparison focused on deep networks; traditional 

classifiers (e.g., SVM or Random Forest over handcrafted 

descriptors) and an explicit human visual inspection baseline 

were not incorporated. The absence of these references limits 

direct comparison with non-deep methods and conventional 

agronomic practice. Extending the analysis to ultralight 

architectures (Efficient Net-Lite, YOLO-nano), classical 

classifiers, and expert phytopathologist evaluations has been 

identified as necessary future work to complete the 

benchmarking of the system. 

 

4.2. Performance Under Real Conditions of Illumination and 

Background 

 

Although the tests were conducted primarily under controlled 

conditions, the system demonstrated resilience to mild lighting 

variations and heterogeneous backgrounds, reflected in the 

stability of performance during cross-validation (standard 

deviation of ±2.12% for the proposed model). This behaviour is 

consistent with findings by Wu et al. (2023) [9], who showed 

that diversification of the training set and chromatic 

normalization improve model robustness against environmental 

changes. 

The stability of the results suggests that the proposed pipeline is 

capable of generalizing adequately in scenarios where visual 

conditions are not uniform, thereby reducing the gap 

traditionally observed between laboratory results and the 

demands of agricultural field conditions, a limitation widely 

reported in the literature [7], [9]. 

 

4.3. Comparison with Recent Studies 

 

The obtained values place the system within the upper 

performance range reported in recent diagnostic studies 

published in Computers and Electronics in Agriculture and 

Plant Phenomics, where hybrid models and heavier 

architectures achieve similar accuracy levels but require 

substantially more computational resources [6], [10]. 

A key differentiating aspect is the ability to perform local 

inference on a Raspberry Pi 4 without reliance on cloud services. 

This aligns with the agricultural edge computing approach 

described by Bashir et al. (2022) [42], in which autonomy, 

latency reduction, and elimination of communication costs are 

critical factors for the adoption of intelligent systems in rural 

areas with limited connectivity. 

 

4.4. Limitations and Opportunities for Improvement  

 

Despite the encouraging results, the system presents limitations 

that open new avenues for future work: 

• The dataset is based exclusively on RGB images, which limits 
the detection of subclinical symptoms. Incorporating 

hyperspectral or multitemporal imagery could improve 

diagnostic sensitivity [13], [28]. 

• The system has not yet undergone exhaustive testing under 
partial occlusions, strong shadows, or adverse weather 

conditions. 

• Although the network was optimized for embedded inference, 
extending the system to multi-node or cooperative 

configurations across agricultural robots will require new 

communication and synchronization mechanisms. 

Future integration with 3D robotic vision, thermal sensors, or 

LiDAR could enhance the system’s ability to perform multilayer 
diagnostics and autonomous phytosanitary control, following 
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the automation trends proposed by Oberti et al. (2016) [32] and 

Bac et al. (2014) [36]. 

• Although the dataset includes leaves of different orientations 
and sizes and data augmentation was applied (rotations, flips, 

brightness/contrast adjustments), no dedicated experimental 

protocol was designed to quantify robustness under severe 

occlusions, leaf overlap, or extreme scale variation. Evaluating 

these scenarios remains pending and is necessary to ensure 

stable behaviour in highly dynamic field conditions. 

• Tests were conducted on images captured under field 

conditions, but a long-term evaluation campaign with the system 

deployed on the mobile robotic platform in a commercial crop 

has not yet been carried out. Continuous-operation validation is 

considered an essential phase for assessing the integrated 

performance of perception, navigation, and actuation in real 

agricultural environments. 

 

4.5. Relevance of the Proposed Approach 

 

The system presented constitutes a significant advancement 

toward sustainable digital agriculture, integrating computer 

vision, embedded artificial intelligence, and the potential for 

robotic deployment into a single accessible platform. The results 

demonstrate the feasibility of combining low-cost hardware—
such as Raspberry Pi and inexpensive cameras—with optimized 

high-performance models, expanding access to intelligent 

diagnostic technologies for small and medium-sized producers. 

The proposed approach contributes to the democratization of 

agricultural AI and lays the foundation for developing 

autonomous solutions capable of sustained operation in rural 

environments with limited resources. This positions the system 

as a promising tool for continuous health monitoring and 

targeted treatment application, promoting more efficient and 

sustainable phytosanitary practices. 

V.  CONCLUSIONS 

 

The development of this system allowed us to verify that it is 

indeed possible to deploy deep learning models on embedded 

platforms without compromising diagnostic quality. The 

proposed model—with HSV-based segmentation and a fine-

tuning process—achieved the best performance in the entire 

study. It reached an Accuracy of 95.67% ± 2.12% and an 

inference time of only 0.030 s per image on the Raspberry Pi 4, 

confirming that its performance is not only competitive but fully 

suitable for real field use, where response speed and 

computational autonomy are critical. 

In practical terms, an accuracy of 95.67% ± 2.12% implies that 

out of every 100 leaves evaluated, approximately 96 are 

correctly classified by the system. Compared to traditional 

visual inspection—which typically relies on limited 

subsampling and strongly depends on the technician’s 
expertise—the proposed approach provides more consistent 

criteria and extends diagnosis to a much larger proportion of the 

crop. This leads to earlier and more systematic detection of 

infection hotspots, especially in contexts where access to 

phytopathology specialists is limited or expensive. 

Beyond the numerical results, the methodological process we 

followed provides a clear path for future developments. The 

combination of well-designed chromatic preprocessing, careful 

parameter selection, and progressive fine-tuning enabled the 

system to maintain stability across folds and a healthy balance 

between complexity and accuracy. This opens the possibility for 

similar technologies to be adapted to other crops or diseases, 

even under resource-limited settings. 

The study also exposed several limitations. The exclusive use of 

RGB imagery imposes restrictions when detecting very early 

symptoms or physiological changes that are not visually 

apparent. Additionally, most tests were conducted under 

controlled or semi-stable conditions; performance under 

stronger illumination variations, occlusions, rain, or rapidly 

changing image quality remains to be evaluated. 

 

Exploring distributed or multi-node configurations—where 

several devices cooperate—also remains pending and would be 

valuable for large-scale crop monitoring. 

Throughout development, we faced significant challenges: from 

the natural variability of plant material to the need to adapt the 

architecture to operate smoothly on hardware as limited as the 

Raspberry Pi. Adapting the pipeline, managing data, and 

optimizing processing were key learning outcomes that 

strengthened the system. 

 

Overall, the results show that it is entirely feasible to build fast, 

accurate, and accessible phytosanitary diagnostic solutions 

using optimized models and low-cost hardware. This project 

establishes a solid foundation for advancing toward more 

autonomous agricultural platforms, integrating computer vision, 

embedded AI, and actuation systems that enable localized, real-

time treatment application. Looking ahead, expanding the 

dataset, incorporating modalities such as hyperspectral imaging, 

and integrating the system with robots or UAVs represent 

promising research directions that could elevate this approach to 

an industrial level. 

 

VI.  LIMITATIONS 

 

This study was conducted using a curated image dataset 

compiled from publicly accessible sources; therefore, 

acquisition conditions such as illumination, background, camera 

type, and severity labelling criteria were not fully standardized. 

While the evaluated models showed promising results, 

additional validation with field-acquired images across multiple 

locations, crop growth stages, and environmental conditions is 

necessary to determine the generalizability and practical 

reliability of the proposed system in real-world applications. 
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