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ABSTRACT 

 

 

This research presents the development and validation of HerbAI, a multi-stage deep learning 

system for the automated identification of aromatic herbs under real-world commercial 

conditions. The work is structured as a thesis by articles, integrating three studies into a single 

offline mobile recognition pipeline. The first stage employed YOLOv8 to establish an initial 

object detection baseline for three herb species, revealing limitations related to dataset size 

and over-detection. The second stage evaluated EfficientNet with transfer learning for the 

classification of visually similar herbs, complementing the detection approach. The third stage 

adopted a data-centric strategy, expanding the dataset to six visually separable classes through 

image curation, quality filtering, deduplication, and data augmentation, and comparatively 

evaluated YOLOv11s, Faster R-CNN, and SSD300/VGG based on mean average precision 

(mAP). YOLOv11s achieved the best overall performance, with mAP@0.5 of 0.802 and 

mAP@0.50:0.95 of 0.593 on the held-out test set. These findings were consolidated into 

HerbAIApp, a native Android application that integrates the YOLOv11s detector with an 

EfficientNet-B0 fallback classifier to handle herb groups outside the main detection scope, 

operating entirely offline. The application also incorporates multilingual support and optional 

text-to-speech output, extending its accessibility to individuals with anosmia and reinforcing 

the inclusion of non-specialist users in plant sensory recognition. Beyond its technical 

contributions to computer vision in agriculture, the study demonstrates the feasibility of 

moving from experimental model development to a deployable, field-ready solution for food 

distribution environments such as CEAGESP. 

 

Key words: computer vision, YOLO, EfficientNet, Faster R-CNN, SSD, aromatic herbs, 

open-set recognition, mobile deployment, artificial intelligence, plant identification.  

 

 

 



UTILITY - SOCIAL, ECONOMIC, AND ENVIRONMENTAL VALUE OF THE 

THESIS 

 

This research aims to develop a solution that facilitates the identification of aromatic herbs 

through a convolutional neural network-based pipeline and a mobile application. By 

providing an accessible, efficient, and field-deployable tool, this thesis contributes to the 

broader adoption of automated herb identification in practical settings, supporting multiple 

sectors, including agriculture, food distribution, gastronomy, phytotherapy, and education. 

 

Furthermore, the application of artificial intelligence in this context promotes technological 

innovation and offers a scalable, data-centric approach capable of assisting professionals, 

supply chain operators, and enthusiasts in recognizing visually similar herb species under 

uncontrolled conditions. By reducing classification errors and improving robustness against 

non-target and out-of-distribution inputs, HerbAI supports more reliable and sustainable 

practices in herb cultivation, distribution, and commercialization. 

 

These contributions are aligned with global objectives outlined in the United Nations 2030 

Agenda. By supporting accurate identification along agricultural and food distribution chains, 

this thesis contributes to Zero Hunger and Sustainable Agriculture (SDG 2) and to Good 

Health and Well-Being (SDG 3), given the relevance of correct herb identification for food 

safety and phytotherapeutic use. By improving operational efficiency and reducing 

classification-related losses for wholesalers, retailers, and producers, this work also relates to 

Decent Work and Economic Growth (SDG 8). The development of a deep learning-based, 

data-centric, and mobile-deployable identification system constitutes a direct contribution to 

Industry, Innovation, and Infrastructure (SDG 9), while the reduction of misclassification and 

product loss throughout the commercialization process supports Responsible Consumption 

and Production (SDG 12). Finally, by making herb recognition more accessible to non-

specialist users, the proposed mobile application also has the potential to support Quality 

Education (SDG 4) through its applicability in vocational and botanical training contexts. 
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1. INTRODUCTION  

1.1 Background 

Artificial intelligence has become increasingly central to plant and crop identification, 

yet fine-grained recognition of aromatic and medicinal herbs remains a particularly 

demanding case: species are often visually close, per-species labeled data is scarce, and the 

computational cost of deep architectures restricts deployment on the lightweight hardware 

typically available in the field [1]. Lightweight convolutional designs such as IPMCNet have 

addressed parts of this problem by cutting parameter counts while retaining accuracy on 

dozens of plant species [2], but the gap between curated, plain-background datasets and real 

field imagery remains substantial: accuracy drops of several percentage points have been 

documented once images move from public archives to uncontrolled commercial or field 

backgrounds [3]. 

A recognition system trained only on known classes, however, is not enough once it is 

exposed to spontaneous, real-world input. Models built under the closed-world assumption 

tend to force any unfamiliar image into one of the trained categories, and this has been shown 

to measurably degrade precision once a detector is exposed to images captured outside 

controlled conditions, whether irrelevant photographs submitted through a public chatbot [4] 

or visually related but untrained categories in agricultural classification [5]. This motivates 

treating the rejection of out-of-domain input as a necessary design element rather than an 

afterthought. 

A second design trend relevant to this context is the move away from single end-to-

end classifiers toward cascaded pipelines, in which an upstream detection or filtering stage 

narrows the search space before a dedicated classifier operates on it. This decomposition has 

been shown to reduce background noise and improve downstream precision across domains 

as different as medical image diagnosis, where a YOLOv8-based region detector preceding a 

Vision Transformer classifier produced systematic gains over feeding the full image directly 

to the classifier [6], and industrial waste sorting, where adding a classification stage after a 

one-stage detector raised mAP without retraining the detector itself [7]. 

Finally, translating any such pipeline into practical use requires moving inference onto 

the device itself. Recent plant-identification applications built on lightweight backbones such 

as EfficientNet Lite, converted to TensorFlow Lite or ONNX Runtime, have demonstrated 

fully offline operation in environments where network access cannot be guaranteed [8,9]. This 
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requirement is not a generic convenience in the present case: CEAGESP's facility directly 

borders the Centro de Detenção Provisória de Pinheiros, placing it within a 

radiocommunication signal-blocking area authorized under Resolução Anatel nº 760/2023 

[10], which makes any cloud-dependent inference architecture unworkable regardless of 

network coverage elsewhere. 

Taken together, these four threads - data-scarce fine-grained recognition, open-set 

rejection, cascaded detection-classification design, and offline mobile inference - define the 

space in which this thesis operates. Three prior studies began addressing pieces of this space 

individually for aromatic herbs specifically [11], [12], [13], and Section 1.2 frames the gap 

that remains once they are considered together. 

 

1.2 Problem Statement and Research Gap 

The three studies referenced above addressed this problem incrementally. Antunes et 

al. [11] established a baseline object detection model for three herb species using YOLOv8, 

surfacing limitations in recall and over-detection that pointed to dataset size and quality, 

rather than architecture, as the binding constraint. Antunes et al. [12] investigated image 

classification of the same species using EfficientNet and transfer learning. Antunes et al. [13] 

revisited the detection problem from a data-centric perspective, expanding the dataset to six 

classes and showing that quality filtering and visual-separability-based class selection 

produced larger gains than switching architectures. 

None of these three studies, individually, incorporates a mechanism for rejecting 

images that do not correspond to a known herb class, combines detection and classification 

into a single cascaded pipeline, or has been validated as a deployable, fully offline mobile 

application, despite the operational necessity of offline inference at CEAGESP described in 

Section 1.1. The research gap addressed in this thesis is the absence of an integrated, multi-

stage pipeline that brings together data-centric object detection, herb classification, and open-

set awareness, validated for offline mobile deployment. 

 

1.3 Research Questions 

To what extent can a multi-stage deep learning system integrating data-centric object 

detection, herb classification, and open-set rejection reliably identify aromatic herbs 
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commercialized at CEAGESP using representative image datasets while operating entirely 

offline on a mobile device? 

Secondary research questions: 

• Among the detection architectures evaluated across this thesis [11], [13], which 

provides the most favorable trade-off between accuracy and inference latency 

for on-device deployment? 

• Does combining a detection stage with a dedicated classification stage [12] 

improve recognition accuracy over either approach used in isolation? 

• Can the resulting pipeline be deployed as a fully offline Android application 

without unacceptable loss of accuracy relative to its server-trained 

counterparts? 

 

1.4 Objectives 

1.4.1 General Objective 

To develop and validate a multi-stage deep learning system for aromatic herb 

recognition, integrating data-centric object detection and image classification techniques into 

an offline mobile application designed for food distribution environments such as CEAGESP. 

 

1.4.2 Specific Objectives 

• To design and evaluate an object detection model for identifying aromatic herbs from 

images collected under commercial conditions [11]; 

• To evaluate EfficientNet-based image classification with transfer learning for 

distinguishing visually similar aromatic herbs [12]; 

• To investigate the impact of data curation, image quality filtering, and class selection 

on detection performance across multiple architectures [13]; 

• To consolidate the findings of these studies into HerbAI, a multi-stage recognition 

system, and assess its feasibility for offline mobile deployment. 
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1.5 Justification 

The development of reliable automated systems for aromatic herb recognition is 

justified by both scientific and practical challenges. From a scientific perspective, aromatic 

herbs represent a fine-grained recognition problem in which visually similar species, high 

intra-class variability, limited labeled datasets, and uncontrolled image acquisition conditions 

make conventional plant identification approaches insufficient. In commercial environments 

such as CEAGESP, herbs are frequently presented in bunches, crates, or overlapping 

arrangements, under variable lighting and background conditions. These factors increase the 

complexity of detection and classification, requiring methods that go beyond controlled image 

datasets and account for the variability expected in food distribution contexts. 

This research is also justified by the need to bridge the gap between model 

development and operational deployment. Although deep learning models have achieved 

strong results in agricultural image analysis, many approaches remain restricted to curated 

datasets, cloud-based inference, or closed-world classification settings. In practical use, 

however, a recognition system must not only identify known herb classes, but also handle 

uncertain, visually similar, or out-of-domain inputs without forcing them into incorrect 

categories. Therefore, the integration of object detection, classification, and open-set 

awareness is necessary to improve reliability under real use conditions. 

The CEAGESP context further reinforces the relevance of an offline mobile solution. 

As a large food distribution environment, it brings together different actors in the supply 

chain, including wholesalers, retailers, workers, consumers, and professionals who may 

benefit from accessible plant identification support. At the same time, the operational 

environment may impose connectivity limitations, making cloud-dependent solutions less 

suitable. A mobile application capable of performing inference directly on the device can 

therefore increase accessibility, reduce dependence on network infrastructure, and support the 

practical use of artificial intelligence in agricultural and food distribution systems. 

In the context of a thesis by articles, this study is justified by the need to consolidate 

and advance the contributions developed across the three papers. The first study established 

an initial object detection approach for aromatic herb identification; the second investigated 

image classification using transfer learning; and the third expanded the detection problem 

through a data-centric strategy involving dataset curation, class selection, and model 

comparison. However, these contributions remain incomplete if considered only as isolated 

experiments. This thesis brings them together into an integrated multi-stage deep learning 
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system, connecting data-centric detection, herb classification, out-of-domain handling, and 

offline mobile deployment. 

Thus, the relevance of this research lies in its contribution to computer vision applied 

to agriculture, its practical orientation toward a real wholesale market environment, and its 

potential to support more accessible, robust, and field-deployable herb recognition. By 

addressing both methodological and operational challenges, the thesis contributes to the 

advancement of artificial intelligence solutions that are not only accurate in experimental 

settings but also designed to be feasible for use in production and distribution contexts. 

 

1.6 Thesis Structure 

This thesis is organized into five chapters. Chapter 1 introduces the research context, 

problem statement, research gaps, research questions, objectives, justification, and overall 

structure of the thesis. Chapter 2 presents the literature review, covering deep learning for 

aromatic herb recognition, object detection and data-centric approaches in agricultural vision, 

open-set recognition, cascaded classification and detection strategies, and mobile offline plant 

recognition. Chapter 3 describes the methodological procedures adopted in the three studies 

that compose this thesis, as well as the methodology used to integrate their findings into the 

proposed multi-stage system. Chapter 4 presents and discusses the results obtained in each 

study and analyzes the integrated HerbAI system in relation to the research questions. Finally, 

Chapter 5 provides the final considerations, summarizes the main conclusions, discusses the 

contributions of the thesis, and outlines recommendations for future work. 
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2. LITERATURE REVIEW 

Given the growing role of artificial intelligence in agricultural and food-distribution 

systems, and the persistent challenge of distinguishing visually similar aromatic herbs under 

real, uncontrolled commercial conditions, deep learning-based recognition has emerged as a 

viable and strategic alternative to manual, expert-dependent identification. This chapter 

reviews the literature that supports this perspective, bringing together evidence on deep 

learning architectures for fine-grained herb recognition, object detection and data-centric 

approaches in agricultural vision, the challenges of open-set and out-of-domain recognition, 

the benefits of cascaded detection-classification frameworks, and the requirements for mobile 

and offline deployment. 

 

2.1 Deep Learning for Aromatic Herb Recognition 

The automatic recognition of aromatic herbs from digital images is a particularly 

demanding instance of fine-grained plant classification. Unlike common crops, aromatic and 

medicinal herbs are often confused with one another because their distinguishing traits - leaf 

venation, surface texture, glandular trichomes, overall silhouette - vary subtly between genera 

and are further obscured by growth stage, lighting, and cluttered natural backgrounds. Manual 

identification still relies heavily on trained botanists or experienced growers, a process that is 

slow, costly, and difficult to scale to the large number of species found in cultivation or in the 

wild [14]. 

Convolutional neural networks have progressively replaced handcrafted color, shape, 

and texture descriptors as the dominant strategy for this task, learning discriminative 

representations directly from raw images. Even so, classical pipelines combining handcrafted 

descriptors with conventional classifiers remain competitive specifically for medicinal and 

aromatic leaves, a pattern documented across more than twenty studies in a recent review 

reporting accuracies between 94% and 99% for SVM, random forest, and MLP classifiers 

built on color, texture, and shape features alone [14]. Three obstacles recur throughout this 

literature and are directly relevant to aromatic herb classification: (i) the limited number of 

labeled images available per species; (ii) the visual similarity among closely related species; 

and (iii) the computational cost of deep architectures, which restricts deployment on 

smartphones or embedded devices used for in-field identification. 
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Obstacle (i) is tackled both at the architecture level and at the level of data acquisition 

itself. Azadnia et al. replaced the customary flatten-and-fully-connected classifier head with a 

global average pooling layer feeding a single dense layer, lowering the risk of overfitting on a 

dataset of only 750 leaf images spanning five medicinal herbs and reaching up to 99.66% 

accuracy [15]. Where photographing more individual leaves is impractical, the training set 

can instead be assembled directly from the target growing environment: Tariku et al. built an 

orthomosaic from drone imagery over a one-hectare plot and fine-tuned EfficientNetV2 to 

99.2% accuracy on seven species, while ResNet50 trained on the identical split collapsed to 

60.2%, a gap that already anticipates obstacle (ii) [16]. 

Obstacle (ii), species-level visual similarity, is most often addressed through feature 

fusion or attention. Sharma et al. combined handcrafted texture and shape descriptors with 

deep features from VGG-16 and DenseNet-121, reducing the fused representation with 

UMAP before classification and reaching 99.18% accuracy on 30 Indian medicinal species 

[17]. Oppong et al. moved fusion inside the network itself, embedding a Log-Gabor filter 

bank into the transition layers of a DenseNet201 backbone; the resulting model generalized 

across four public leaf benchmarks (97%–100%) in addition to 98% on a self-collected set of 

49 Ghanaian medicinal species [18]. Gao et al. addressed the same problem through a dual-

branch channel-attention module embedded in ResNet, whose class activation maps 

confirmed that attention shifted the network's focus away from background clutter toward 

diagnostically relevant leaf regions [19]. 

The gap between curated training images and genuinely unseen field images is itself 

part of the problem being contextualized here. Islam et al. observed this directly: their fine-

tuned DenseNet201 reached 96.30% validation accuracy on augmented data yet fell to 

80.69% on held-out original test images, below the 90.09% reached by InceptionResNetV2, 

which had scored lower during validation [20]. Picek et al. examined the same generalization 

challenge at a much larger scale, benchmarking convolutional and transformer backbones on 

thousands of species under realistic field conditions, and showed that reframing classification 

as image retrieval in a learned embedding space outperformed equivalent softmax classifiers 

by up to 10 percentage points [21]. 

Obstacle (iii), computational cost, is addressed less by shrinking the network than by 

relocating where computation happens. Thanikkal et al. replaced raw images with a 

lightweight, rotation-invariant numeric shape descriptor, enabling a fully offline Android 

application that reached 96% accuracy on ten Ayurvedic species without network connectivity 
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[22]. Kavitha et al. instead moved computation off the device entirely, fine-tuning MobileNet 

on six medicinal species and serving inference from a cloud backend reached by a thin mobile 

client, reaching 98.3% accuracy [23]. 

Together, these studies frame aromatic herb recognition as a problem shaped less by 

any single architectural choice than by how scarce, similar, and field-variable the underlying 

data is: lightweight or fused architectures help with scarcity and similarity, but the validation-

to-field gap shown by Islam et al. and Picek et al. indicates that accuracy on curated or 

augmented data should not be assumed to transfer directly to deployment, a methodological 

gap that any aromatic herb classifier built along these lines needs to account for. 

 

2.2 Object Detection and Data-Centric Approaches in Agricultural Vision 

Object detection performance in agricultural and plant-related imagery is often 

assumed to be primarily a function of network architecture. However, a growing body of 

evidence suggests that detection accuracy is equally, if not more, constrained by the intrinsic 

properties of the training data itself: how separable the target classes are from one another, 

how consistent samples within the same class remain across conditions, and how the dataset 

was curated, annotated, and represented in the first place. 

A recurring observation in recent detection literature is that domain-specific imagery, 

including geospatial and agricultural scenes, tends to exhibit greater intra-class diversity and 

weaker inter-class separability than the generic benchmarks on which most detection 

backbones were originally validated [24]. This gap becomes particularly evident in low-data 

or few-shot regimes, which are common in agricultural settings where certain cultivars, 

growth stages, or pest occurrences are inherently rare or expensive to annotate; simply 

transferring a detector pretrained on abundant base classes to a small set of novel classes leads 

to degraded performance unless the training strategy explicitly accounts for class confusion. 

The same weak separability appears at a much smaller scale in pest monitoring on yellow 

sticky traps, where whitefly, macrolophus, and nesidiocoris individuals are small, low-

resolution, and frequently share the yellow coloration of the trap itself. In that setting, the 

single architectural change that produced the largest accuracy gain was not an increase in raw 

network capacity but a module added specifically to recover long-range contextual 

information, so that pests could be told apart from a background of nearly identical color, 

which again points to the relationship between class and background, rather than the detector's 
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depth, as the limiting factor [25]. A related form of weak inter-class separability appears in 

orchard pest monitoring, where two invasive stink bug species, Halyomorpha halys and 

Nezara viridula, share similar size, shape, and coloration. Rather than asking a single 

architecture to resolve this ambiguity, one study trained five detectors of different families 

and combined their predictions through a decision fusion scheme that weights each model by 

its own per-class F1 score, so that the final decision leans on whichever detector best 

separates each species rather than forcing one network to carry the whole burden. This data-

driven combination raised the ensemble F1 score to 0.902, exceeding any individual detector 

and most smaller subsets of the ensemble, again suggesting that the limiting factor was the 

relationship between the two confusable classes rather than the capacity of any single network 

[26]. 

This separability problem is not new to object detection alone; it has long been 

documented at the classification level. Even on a controlled benchmark such as CIFAR100, 

the visual similarity between certain categories makes them substantially harder to distinguish 

than unrelated pairs, regardless of which convolutional backbone is used, since the standard 

cross-entropy/softmax formulation does not explicitly penalize confusion between visually 

correlated classes [27]. By explicitly modeling the correlation structure between confusable 

categories and feeding it back into the loss function, that work shows consistent accuracy 

gains across multiple network families, reinforcing that the bottleneck is frequently the 

relationship between classes in the data, not the depth or capacity of the model. 

Generalization across deployment conditions offers a further illustration of how much 

of the burden can be shifted away from the architecture and onto the data. In an anchor-free 

center-based detector built specifically for pig detection in crowded, heavily overlapping 

pens, the architecture itself already outperformed prior anchor-based and keypoint-based 

methods, but the largest remaining gain came from two purely data-side interventions: a 

negative training augmentation that exposes the network to out-of-distribution background 

imagery, and a test-time augmentation scheme that averages predictions over rotated copies of 

each frame. On a held-out set of pens never seen during training, these two interventions 

alone raised the F-measure from 80.5% to 87.6%, a gain comparable to, or larger than, the one 

obtained by introducing the new detector architecture in the first place, while the network 

weights and structure stayed exactly the same [28]. 

Dataset curation itself plays an equally decisive role, and this extends beyond simply 

collecting more images. In insect phenomics, citizen-science platforms already hold millions 
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of images but almost none of them carry bounding boxes; rather than treating this as an 

architecture problem, one study coupled an off-the-shelf, unmodified vision-language detector 

with a single generic text prompt to automatically localize insects across six million images 

spanning 2526 agriculturally relevant species, reaching agreement with human-drawn boxes 

comparable to detectors trained on millions of manually labeled samples, which shows that 

the curation method, not the detector, was what unlocked an already existing but unusable 

corpus [29]. The need for careful curation becomes even more pronounced when the target 

classes are visually close to begin with. In a smartphone-based scale insect detection system 

built for Taiwan's export agriculture, mealybugs, Coccidae, and Diaspididae are easily 

confused even by experienced observers, so the bounding boxes for the training set were 

drawn exclusively by annotators with more than two decades of field experience, on the 

understanding that unreliable labeling of such similar pests would undermine any detector 

regardless of its architecture. Even with this carefully curated dataset, accuracy still varied by 

class: Diaspididae, the category with the greatest internal morphological variation, was 

detected less reliably than the visually consistent mealybugs across Faster R-CNN, SSD, and 

YOLOv4 alike, again pointing to within-class diversity, rather than the detector, as the factor 

setting the ceiling on performance [30]. 

Curation problems are not limited to dataset size, balance, or annotator expertise; they 

can also stem from inconsistencies in the labeling process itself, which is easy to mistake for a 

modeling failure. In a strawberry receptacle detection study designed to predict fruit yield, a 

Faster R-CNN detector trained on manually annotated images reached a mean average 

precision of only 0.6587, an unusually low figure for that architecture. Closer inspection 

showed that part of this apparent gap came from receptacles that the human annotator had 

missed in the original labels but that the network still detected correctly, meaning that the 

measured error rate partly reflected the quality of the ground truth rather than a genuine 

limitation of the detector [31]. 

Perhaps the most direct demonstration that data quality can outweigh model choice 

comes from a coal-versus-gangue recognition study, in which the same downstream classifier 

and the same feature set were tested on two different image acquisition strategies: 

conventional natural images and laser speckle images of the same mineral samples [32]. 

Recognition accuracy rose from 78.7% to 96.7%, and the standard deviation across varying 

illuminance conditions dropped by more than 30%, purely because the way the data was 

captured and represented, with no modification to the classifier itself. The same pattern holds 
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for plant pathology detection: when the very same Faster R-CNN and single-shot detector 

architectures were trained on rice leaf disease images, simply replacing standard geometric 

and color-based augmentation with a curated set of GAN-generated synthetic images, filtered 

for blur before being added to the training pool, raised mean average precision from 0.84 to 

0.93 for Faster R-CNN and from 0.81 to 0.91 for the single-shot detector, with the 

improvement confirmed as statistically significant across training and validation losses [33]. 

In both cases the network code never changed; only the data feeding it did. 

Taken together, these findings, spanning image classification, livestock monitoring, 

mineral sorting, insect dataset curation, orchard pest monitoring, scale pest identification, fruit 

yield prediction, and plant disease detection, point to a common conclusion that is directly 

transferable to agricultural vision: detection and recognition accuracy is frequently bounded 

less by the sophistication of the underlying network than by how separable the classes are 

within the dataset and how carefully that dataset has been curated, balanced, annotated, and 

represented. This motivates the data-centric perspective adopted in this work, where 

improvements to model architecture are treated as complementary to, rather than a substitute 

for, addressing dataset quality and class separability in agricultural object detection. 

 

2.3 Open-Set Recognition and Out-of-Domain Detection 

Most deep learning-based classifiers are built under the closed-world assumption, 

according to which every sample presented to the model during inference necessarily belongs 

to one of the classes seen during training. This assumption proves fragile in real-world 

applications, where the system is frequently exposed to inputs that do not correspond to any 

known category, whether irrelevant objects, capture noise, or legitimate classes simply not 

included in the training set. This scenario, referred to as open-set recognition or out-of-

domain (OOD) detection, has motivated a growing number of works across different 

application domains, reinforcing the relevance of explicitly considering the rejection of 

unknown samples in any classification pipeline intended to operate under uncontrolled 

conditions. 

In image-based domains, Costa et al. used Monte Carlo Dropout combined with the 

Kolmogorov-Smirnov statistical test to quantify the uncertainty of ship-wake detection 

classifiers in SAR imagery, showing that samples rotated to angles not present during training 
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induce a distributional shift in the model's predictions, which allows the sample to be flagged 

as out-of-domain before an erroneous classification decision is even made [34]. 

In applications related to biology and agriculture, the problem takes a form that is even 

closer to the scenario faced in this work, in which images that do not contain the object of 

interest must be correctly rejected before any classification attempt. 

Closer to the specific case of plant image classification, Dong et al. introduced an 

open-world setting for plant disease detection in which an unknown-aware region proposal 

network generates pseudo labels for disease instances that do not match any known category, 

while a class-agnostic detection head improves the recall of these unannotated regions, 

allowing the model to later incorporate newly labeled diseases without forgetting the ones 

learned previously [35]. This work operates directly at the detection level, locating the 

suspicious region rather than only classifying the whole image, and the authors further show 

that a detector trained on one species can correctly flag diseased regions of a different, unseen 

species as unknown instead of forcing them into one of the known classes, indicating that the 

rejection capability extends to categories that are visually related but absent from training. 

Meng et al. addressed a closely related problem under the name Plant-relevant Open-

Set Recognition (POSR), aiming explicitly at extending disease and species recognition from 

known to unknown classes across several plant datasets at once rather than on a single 

benchmark [36]. Their approach relies on a Vision Transformer pretrained on the large-scale 

PlantCLEF2022 dataset instead of on ImageNet, following the observation that a plant-related 

source dataset transfers better to disease and species tasks, and is further trained with additive 

margin Softmax in place of a generic Softmax loss so that features of the same known class 

are pulled closer together, leaving more room in the feature space for unknown samples to be 

separated. Tested on rice, tomato, rose disease, and cotton weed datasets, the method 

outperformed several CNN and ViT baselines, and the authors additionally show that 

openness, the relative proportion of unknown to known classes, hurts performance far more 

than the absolute number of classes, since accuracy on the unknown class drops sharply once 

the known classes become a minority of the test set. 

In a similar vein, Jiang et al. compared a two-head out-of-distribution detector with 

semi-supervised OpenMatch for the recognition of unknown strawberry diseases, showing 

that the rejection performance of both approaches depends strongly on which surrogate outlier 

data is exposed during training, with healthy plant tissue and visually related but unannotated 

disorders proving far more effective negative examples than images unrelated to the domain 
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[37]. Their finding is directly applicable to the present problem, since it suggests that the 

quality of the out-of-domain images used to train a rejection mechanism, and not only the 

algorithm chosen, has a measurable effect on the final precision of the system. 

Fuentes et al. approached an adjacent version of the same difficulty by framing it as 

open-set domain adaptation rather than plain classification. Working with tomato diseases 

collected at three greenhouse farms with different conditions, the authors built a system in 

which a bounding box detector first proposes candidate regions and a second module decides 

whether each region matches one of the source farm classes or should instead be labeled as 

unknown, with features transferred from a labeled source farm to an unlabeled target farm 

while a background class supplies contextual information about the greenhouse itself [38]. 

Across six combinations of source and target farms and four levels of openness, accuracy on 

both known and unknown classes declined gradually rather than collapsing as openness 

increased from a closed-set baseline to 73 percent, and the authors argue that reporting the 

harmonic mean of known and unknown accuracy gives a fairer picture of a model than either 

accuracy figure taken in isolation. 

Fang et al. addressed a closely related botanical recognition task, proposing an open-

set scheme for wood species identification from leaf images that combines deep feature 

extraction with a weighted Support Vector Data Description model for single-class 

recognition [39]. Their results show that conventional closed-set classifiers, including several 

modern convolutional architectures, are essentially unable to separate known from unknown 

species once the latter are introduced at test time, while the proposed two-stage scheme 

recovers most of the lost accuracy, reinforcing the conclusion already drawn from the 

agricultural literature that a dedicated rejection stage is indispensable rather than optional. 

The same principle has also been explored outside image-based plant recognition. Gao 

et al. proposed an open-world fault diagnosis scheme in which the unknown probability of a 

sample is obtained directly from the Shannon entropy of the closed-set prediction, without 

requiring an auxiliary model, and is later reused to support incremental learning once the 

rejected samples are manually labeled [40]. Although applied to industrial process data rather 

than images, the work illustrates a lightweight rejection mechanism that can be derived from 

the classifier itself and subsequently linked to continual learning, a property that is desirable 

whenever a recognition pipeline is expected to evolve as new out-of-scope inputs are 

encountered in the field. 
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The nuclear power domain offers a particularly demanding test of this same idea, since 

a misdiagnosed fault can carry safety consequences well beyond a simple drop in accuracy. 

Kim et al. examined this challenge by applying OpenMax, a method that can be added to an 

existing classifier without changing its architecture, to a nuclear power plant accident 

diagnosis model that had been trained while deliberately leaving one of three accident 

scenarios out of the training set [41]. Without OpenMax, the excluded scenario was always 

forced into one of the trained classes, whereas fitting a Weibull distribution to the distances 

between activation vectors and class centroids allowed the model to flag most of the untrained 

scenario as unknown while losing only about one percent of accuracy on the scenarios it had 

been trained on. Their experiments further show that the activation function used in the 

hidden layers matters for this kind of post hoc rejection, since models built with ReLU were 

more prone to dead units that blurred the separation between known and unknown activation 

vectors, which weakened detection of the untrained scenario relative to models using ELU or 

tanh. 

Finally, Allabadi et al. tackled novelty detection for wildlife and plant monitoring by 

combining a Local Outlier Factor module, applied to features extracted from a pretrained 

backbone, with the Segment Anything Model to localize and subsequently learn instances of 

species never seen during training [42]. Their experiments confirm that the difficulty of 

flagging an unknown category increases with its visual similarity to the known class, since 

species that are morphologically close to the training set are harder to separate than those that 

are clearly distinct, an observation consistent with the near-OOD and far-OOD distinction 

discussed above and that further motivates the inclusion of an explicit out-of-domain 

detection stage whenever the system may encounter visually related but unannotated 

categories. 

Taken together, these works show that the problem of discriminating between the class 

of interest and any element that does not represent it, whether a background object, an 

unannotated class, or simply an image captured outside the expected context, is common 

across different application domains and cannot be treated as a negligible side effect of the 

classification stage. A recent survey by Kumar and Rama Krishna on open set recognition 

specifically for medicinal plant classification reaches a similar conclusion from a broader 

vantage point, observing that the large majority of methods reviewed still pair a conventional 

closed-set classifier, most often convolutional or transformer based, with a thresholding or 

distance based rejection stage added on top rather than a network designed from the outset to 
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anticipate novelty, and that public benchmarks suited to this open-set protocol remain scarce, 

since most leaf datasets in circulation were curated for closed-set classification and only 

adapted afterward [43]. The absence of mechanisms for rejecting unknown samples tends to 

manifest as a drop in precision and an increase in false positives precisely under the 

conditions in which the system is most in demand, that is, outside the controlled test set. This 

body of evidence motivates the need to incorporate, in the problem addressed in this work, 

explicit mechanisms for detecting samples that do not correspond to the class of interest, so 

that irrelevant images or images belonging to unforeseen categories are correctly rejected 

prior to any classification decision. 

 

2.4 Cascaded Classification and Detection Frameworks 

Recent literature increasingly favors multi-stage or cascaded architectures over single 

end-to-end models, particularly when an initial detection or coarse decision step can constrain 

the search space for a subsequent, more specialized classifier. Khodabakhshi et al. proposed a 

three-stage hybrid framework for depression severity detection in social media text, in which 

an initial binary classifier separates depressed from non-depressed posts, a clustering stage 

(Deep Embedded Clustering) groups depressed posts by linguistic similarity, and a final 

classifier determines the severity level within each cluster. This cascaded design consistently 

outperformed both a one-stage (direct four-class) and a two-stage (binary followed by three-

class) baseline across three independent datasets, achieving the highest maximum and third-

quartile scores in most statistical comparisons performed [44]. 

A similar rationale appears in fault diagnosis. Saeed et al. designed a hierarchical 

pipeline for rolling-bearing fault diagnosis composed of three sequentially dependent models: 

a fault detection model that flags abnormal vibration signals and localizes the onset sample, a 

fault classification model that determines the fault category (ball, inner race, or outer race), 

and a fault-severity model specific to each detected category. This cascade not only improved 

overall classification accuracy (99.62%) but also enabled the accumulation of timestamped 

detections, allowing precise time-to-detection measurements that a flat, single-stage classifier 

could not natively provide [45]. 

A foundational example of this cascaded paradigm appears in early neuromorphic 

vision systems. Khosla et al. proposed NEOVUS, a video object recognition architecture in 

which a form- and motion-based detection module first localizes candidate object regions 
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using bio-inspired saliency and background-subtraction techniques, after which a separate 

convolutional neural network classifier assigns class labels to each detected region. In a 

systematic DARPA-led evaluation against two state-of-the-art computer-vision baselines, this 

detection-then-classification cascade achieved the highest recognition accuracy while 

consuming energy three orders of magnitude lower than the baselines, indicating that 

decoupling localization from classification can yield not only higher accuracy but also 

substantial efficiency gains suitable for real-time, low-power deployment [46]. 

A more recent, explicitly efficiency-driven cascade inverts the typical ordering of 

these stages. Chen et al. designed a two-stage framework for railway foreign-object detection 

in which a lightweight binary classifier first labels each incoming frame as "normal" or 

"intruded," and only intruded frames are forwarded to a heavier YOLOv3 detector for 

localization and classification of the specific object. Because the large majority of frames 

captured during normal railway operation contain no intrusion, this coarse-to-fine cascade 

allows the costly detection stage to be invoked only when necessary, raising the overall 

system frame rate from 32.6 FPS (YOLOv3 alone) to 51.77 FPS while preserving a mean 

average precision of 85.89% on the detection task. This shows that the auxiliary stage in a 

cascaded architecture need not always follow the detector but can instead serve as an 

upstream filter that gates whether the more expensive detection model should run at all [47]. 

Other works adopt a related, though less strictly sequential, strategy of chaining 

specialized sub-networks that each refine the representation before a final decision layer. 

Gupta and Jadon's PlantDetectNet pipeline applies feature extraction (GRU and Depthcat 

CNN) followed by three complementary refinement modules (Global VGG16, Gated 

ConvNeXt, and Residual DenseNet) whose outputs are concatenated prior to the softmax 

layer. An ablation study confirmed that removing any individual stage caused substantial 

accuracy degradation (from 98.8% down to as low as 79.8%), indicating that each stage 

performs a distinct and necessary filtering function rather than redundant computation [48]. 

Likewise, in the medical imaging domain, Karpakam and Kumareshan structured their brain-

tumor diagnosis system as a sequential pipeline of denoising (Adaptive Bilateral Filtering), 

segmentation (Otsu–Gannet Segmentation), and feature extraction (GLCM and Enhanced 

Grasshopper Optimization Algorithm) before the final DIR-GAN classification stage, arguing 

that this staged refinement allows the downstream generative classifier to operate on clinically 

relevant, denoised, and well-segmented regions rather than on raw, noisy imaging data [49]. 
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A similar staged-refinement strategy underlies the colorectal cancer detection 

framework of Raju et al., which sequentially combines integrated CNN feature extraction 

(AlexNet+DenseNet-201), a Transformer attention module, and an SVM classifier. Their 

ablation study confirmed that testing accuracy rose monotonically from 95.40% (CNN alone) 

to 98.10% (CNN+Transformer) and finally to 99.00% (CNN+Transformer+SVM), indicating 

that each added stage contributes a necessary, non-redundant improvement rather than 

redundant computation. The framework further appends an unsupervised K-means clustering 

and bounding-box stage to visually delineate malignant regions only after the classification 

decision has been made, illustrating how a cascaded design can yield auxiliary localization 

outputs that a single end-to-end classifier would not natively provide [50]. 

Collectively, these studies support the design choice of separating detection (or coarse 

filtering) from fine-grained classification: a dedicated upstream stage—whether a binary 

detector, an object localizer, or a denoising/segmentation module—consistently reduces the 

burden placed on the downstream classifier, improves its precision on the relevant data subset, 

and, in several cases, enables auxiliary outputs (e.g., localization coordinates or detection 

timestamps) that a single monolithic classifier cannot produce. This motivates the cascaded 

architecture adopted in the present work, which combines a primary detector with an auxiliary 

classifier/filter stage. 

 

2.5 Mobile and Offline Plant Recognition 

The deployment of deep learning-based plant recognition systems on mobile devices, 

rather than relying on cloud inference, has become a recurring design choice in recent 

agricultural and botanical computer vision literature, particularly when target environments 

cannot guarantee stable network access. 

In the context of smallholder agriculture, Appiah et al. introduced PlanteSaine, a 

mobile application for maize, tomato, and onion pest and disease diagnosis in Burkina Faso, 

combining EfficientNetB3 feature extraction with an Artificial Neural Network classifier 

converted to TensorFlow Lite (.tflite) format for Android deployment [51]. The authors 

emphasize that "the application's offline functionality ensures accessibility even in remote 

areas with limited Internet connectivity," while an optional messaging feature allows 

synchronization with agricultural authorities only when connectivity becomes available [51]. 
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This hybrid offline-first, online-when-possible design is directly analogous to the connectivity 

pattern expected in our deployment scenario. 

A related hybrid design is reported by Chung et al., who developed a dual-path 

convolutional network (an InceptionV3 backbone combined with a central-attention path) for 

the recognition of 14 tree species, coupled with a YOLOv3 detector for real-time, in-camera 

object detection, and packaged the resulting models into a TensorFlow Lite-based Android 

application leveraging the Android Neural Networks API (NNAPI) for hardware-accelerated 

inference [52]. The authors describe the resulting system as an "online/offline available" 

identification tool and confirm that no Internet connection is required to use the app, while 

keeping an optional online database mode [52]. They further report that TensorFlow Lite's 

post-training quantization reduced an InceptionV3-based model from 95.7 MB to 23.9 MB 

and cut latency from 1130 ms to 845 ms at a cost of roughly 0.8% accuracy [52], illustrating 

the same accuracy-versus-footprint trade-off that motivates the lightweight architectural 

choices (Ghost modules, C2f-UIB) discussed throughout this section. Although focused on 

whole-plant images rather than disease symptoms, this offline-capable, hybrid-mode design 

reinforces the broader pattern observed across the works above. 

Beyond pure on-device inference, Chamara et al. proposed AICropCAM, which 

performs edge image processing with a Raspberry Pi 4B and transmits only compact inference 

results (rather than raw images) via a low-power, long-range LoRaWAN link, explicitly 

motivated by "the lack of computing, electric power, and connectivity infrastructure in 

agricultural fields" [53]. Although AICropCAM does not target smartphones, it reinforces the 

broader principle adopted in the present work: conventional, continuously connected cloud-

inference architectures are unsuitable for many real-world agricultural and logistics 

environments, and that processing should be moved as close as possible to the point of image 

capture. 

More recently, Wang et al. proposed APlight-YOLOv8n, a lightweight enhancement 

of YOLOv8n for the real-time recognition of twelve aquatic plant species across four life 

forms, which the authors deployed and field-tested directly on a commodity Android 

smartphone [54]. By replacing the detection head with a Faster Detect module tuned to small- 

and medium-sized targets and substituting part of the neck's C2f blocks with Universal 

Inverted Bottleneck (C2f-UIB) modules, the model's parameter count was reduced to 2.74 M 

(a 13.3% reduction relative to the YOLOv8n baseline) and its computational cost to 5.5 

GFLOPs (a 32.9% reduction), while mAP50 improved to 74.4% and a stable 32.70 FPS was 
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maintained during on-device field inference [54]. The model was exported to the ONNX 

format and executed entirely on the handset. 

In the specific context of disease and pest detection, Deng et al. proposed two 

lightweight YOLO-based detectors - an Improved YOLOv5s incorporating the Ghost module 

and an Improved YOLOv7-tiny combining CBAM attention with an SIoU loss - for the 

recognition of six rice diseases and insect pests and transplanted both models onto an Android 

smartphone (Android 9.0, 4 GB RAM) using the NCNN forward-inference framework [55]. 

After NCNN conversion, the best-performing model occupied only 14.3 MB of storage and 

required 49% CPU usage and 262.9 MB of RAM at runtime, while sustaining an on-device 

inference speed of 374 ms/frame under FP16 precision [55]. The explicit goal stated by the 

authors was to achieve offline field detection on mobile devices rather than to rely on a 

connected server [55]. This work adds NCNN to the set of mobile-inference frameworks 

already discussed alongside TensorFlow Lite and ONNX Runtime, and its reported 

CPU/RAM figures offer a concrete quantitative reference for the resource budget needed to 

run lightweight detectors entirely offline on commodity Android hardware - directly relevant 

to the feasibility argument for the CEAGESP deployment. 

Finally, although not focused on mobile deployment, Ouf compared Faster R-CNN 

and YOLOv4 for leguminous seed detection and reported inference times of 53.1 ms and 47.2 

ms per image, respectively, on GPU hardware [56]. The substantially lower latency of the 

one-stage YOLOv4 detector, together with its reported mAP@0.5 of 98.52% against 84.56% 

for Faster R-CNN [56], supports the broader trend observed across the works above of 

favoring lightweight, single-stage architectures when migrating from server-side training to 

resource-constrained, offline execution. 

A further factor specific to the present application reinforces the choice of a fully 

offline Android-based solution: Android is by far the dominant mobile operating system in 

Brazil, holding a 77.93% market share compared to 22.07% for iOS among the two dominant 

platforms as of May 2026 [57], which justifies targeting Android exclusively rather than 

developing a cross-platform or iOS-first solution. 
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3. METHODOLOGY 

Considering the structure of this thesis by articles, the methodological approach 

adopted in this research combines experimental, quantitative, and data-centric procedures, 

organized according to the specific objectives and research questions addressed in each study. 

Unlike a purely theoretical thesis, this work is based on the development, training, evaluation, 

and integration of deep learning models for aromatic herb recognition using representative 

image data and offline mobile deployment experiments. 

The three studies that compose this thesis were designed as complementary stages of 

the same research trajectory. Paper I established an initial object detection approach for 

aromatic herb identification using images collected in commercial and uncontrolled 

environments. Paper II investigated the use of transfer learning and image classification 

techniques to distinguish visually similar herb species. Paper III expanded the detection 

problem through a data-centric strategy, including image curation, quality filtering, class 

selection, annotation procedures, and the comparative evaluation of different object detection 

architectures. 

Together, these methodological stages supported the development of the proposed 

HerbAI system, a multi-stage deep learning solution that integrates object detection, herb 

classification, and offline mobile deployment. Therefore, the methodology of this thesis is not 

limited to the isolated execution of the three articles but also includes the articulation of their 

results into an integrated framework suitable for practical use in food distribution 

environments such as CEAGESP. 

The following sections describe the methodological procedures adopted in each article 

and explain how these procedures are connected to the general objective of the thesis and to 

the development of the integrated recognition system. 

 

3.1 Methodology of Paper I - Model Development for Identifying Aromatic Herbs 

Using Object Detection Algorithm 

Connection with the specific objective: this paper contributed directly to the first 

specific objective of the thesis, which was to design and evaluate an object detection model 

for identifying aromatic herbs from images collected under commercial and uncontrolled 

conditions. 
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Method: experimental study using an object detection model based on YOLOv8. 

General objective: to develop and evaluate a deep learning model capable of detecting 

three aromatic herbs commercialized at CEAGESP: rosemary, mint, and bay leaf. 

Research question: can a YOLOv8-based object detection model correctly identify 

rosemary, mint, and bay leaf in images obtained from different sources and acquisition 

conditions? 

The study followed the CRISP-DM methodology, organizing the research into stages 

of business understanding, data understanding, data preparation, modeling, evaluation, and 

deployment analysis. In the business understanding stage, the problem was defined from the 

need to identify aromatic herbs in the context of CEAGESP, a real food distribution 

environment. In the data understanding and preparation stages, images were gathered from 

different sources, including photographs captured with cell phones, cameras, and tablets, 

images retrieved from web sources, and images collected during visits to CEAGESP. 

After image consolidation, a cleaning process was carried out to remove images with 

significant blur or inadequate visual quality. The final dataset was divided into training and 

validation subsets, using approximately 90% of the images for training and 10% for 

validation. The dataset included 234 training images and 27 validation images for rosemary, 

302 training images and 35 validation images for mint, and 262 training images and 31 

validation images for bay leaf. The classes were defined as bay leaf, rosemary, and mint, and 

the images were annotated with bounding boxes using a computer vision annotation tool. 

The modeling stage used the standard YOLOv8 architecture, without architectural 

modifications. This decision was important because the purpose of the study was not to 

propose a new neural network architecture, but to test whether an existing object detection 

model could learn to identify aromatic herbs from the available dataset. The training was 

performed in a cloud environment using Google Colab resources. First, individual models 

were trained for each herb class using 300 epochs. After this stage, a consolidated model 

containing the three classes was trained, also totaling 300 epochs. 

The evaluation was based on object detection metrics commonly used in YOLO 

models: precision, recall, mAP50, and mAP50-95. Precision was used to assess how many 

detections made by the model were correct, while recall measured the model's ability to find 

the expected objects in the images. The mAP50 metric was adopted as the main performance 
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indicator, considering an IoU threshold of 0.50, and the study used mAP50 greater than or 

equal to 0.7 as the target reference for model performance. 

The results showed that the model was able to detect the three aromatic herbs, with the 

consolidated model reaching mAP50 and precision values above 0.7. However, the recall 

values indicated over-detection and recognition confusion, especially when the model was 

exposed to visually similar herbs that were not part of the training classes. Rosemary 

presented the best performance, while mint and bay leaf showed greater need for dataset 

improvement and bounding-box refinement. 

This paper was important for the thesis because it established the first experimental 

baseline for aromatic herb detection using deep learning. It also showed that model 

performance was strongly affected by dataset size, image variability, annotation criteria, and 

the visual similarity between herb species. These limitations guided the next stages of the 

thesis, especially the use of classification models, dataset expansion, data-centric curation, 

and the later development of an integrated recognition system. 

 

3.2 Methodology of Paper II - Enhanced Classification of Aromatic Herbs Using 

EfficientNet and Transfer Learning 

Connection with the specific objective: this paper contributed to the second specific 

objective of the thesis, which was to evaluate image classification with transfer learning for 

distinguishing visually similar aromatic herbs. 

Method: experimental study using the EfficientNet convolutional neural network for 

image classification. 

General objective: to evaluate the performance of EfficientNet in the classification of 

three aromatic herbs: rosemary, mint, and bay leaf. 

Research question: can EfficientNet, with and without transfer learning, classify 

visually similar aromatic herbs from image data with acceptable accuracy? 

This paper addressed a different task from Paper I. While the first study used object 

detection to locate herbs in images, the second study focused on image classification, 

assigning each image to one of the predefined herb classes. This distinction was important for 

the thesis because classification could support a later recognition pipeline, especially in cases 

where the object had already been detected or cropped. 
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The methodological procedure was organized into two main stages: dataset 

preparation and experimental model training. The dataset contained images of rosemary, mint, 

and bay leaf. These classes were selected because they present visual similarities in color, 

texture, and shape, which make classification more difficult. The images included both 

individual leaves and herbs arranged in bunches or mixed with other objects. This choice 

preserved part of the variability found in real situations, but also introduced classification 

noise, since the model sometimes had to learn from images with different visual 

compositions. 

The experiments were conducted in Google Colab using Python and libraries 

commonly adopted in image classification tasks, including TensorFlow, NumPy, Pandas, 

Matplotlib, and OpenCV. The EfficientNet architecture was selected because it allows 

different combinations of network depth, width, and image resolution, making it possible to 

compare classification performance under different computational costs. 

Two training strategies were evaluated. In the first, EfficientNet was trained using 

transfer learning, with ImageNet pre-trained weights. Variants from EfficientNetB0 to 

EfficientNetB7 were tested, with image resolutions ranging from 224 to 600 pixels. Each 

model was trained for 50 epochs. In the second strategy, EfficientNet was trained without pre-

trained weights, using only the aromatic herb dataset. This custom training was carried out to 

verify whether the model could learn more stable features directly from specific herb images. 

Due to computational limitations, this second strategy evaluated variants from EfficientNetB0 

to EfficientNetB4, also using 50 epochs. 

The main evaluation metric was accuracy, defined as the proportion of correctly 

classified images. Loss was also monitored during training to assess convergence and possible 

overfitting. The same general training conditions were maintained across the experiments to 

allow comparison between model variants and between the transfer learning and custom 

training approaches. 

The transfer learning experiments produced different results across EfficientNet 

variants. EfficientNetB4 obtained the highest accuracy among the pre-trained models, 

reaching 0.80, followed by B2 and B3, both with 0.77. However, the results also showed 

instability across resolutions, with some higher-resolution models requiring substantially 

longer training time without producing better accuracy. EfficientNetB7, for example, required 

9 h 44 min and reached 0.65 accuracy. 
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In the custom training experiments, EfficientNetB0 achieved the best result, with 0.88 

accuracy, followed by B1 and B3, both with 0.80. Although training without transfer learning 

required more time, the results indicated more stable learning behavior in some 

configurations. These findings suggested that the pre-trained ImageNet features were useful 

for reducing training time but were not always sufficient to handle the specific visual 

characteristics of aromatic herbs. 

This paper was important for the thesis because it showed that classification could 

complement object detection in the recognition of aromatic herbs. It also reinforced a 

limitation already observed in Paper I: model performance was strongly affected by the 

composition and quality of the dataset. The presence of mixed images, bunches, isolated 

leaves, and visually similar species affected accuracy and produced classification confusion. 

These results supported the later decision to refine the dataset, improve class selection, and 

combine detection and classification in a multi-stage recognition system. 

 

3.3 Methodology of Paper III - Data-Centric Object Detection for Aromatic Herbs: 

Image Quality Filtering, Class Selection, and Model Comparison 

Connection with the specific objective: this paper contributed to the third specific 

objective of the thesis, which was to investigate the impact of dataset curation, image quality 

filtering, class selection, annotation consistency, and model comparison on the detection of 

aromatic herbs. 

Method: experimental and data-centric study using object detection models trained on 

the same curated dataset. 

General objective: to evaluate whether a data-centric strategy could improve aromatic 

herb detection under real-world visual conditions, using a curated and balanced dataset across 

six herb classes. 

Research question: does systematic dataset construction, including image quality 

filtering, class selection, annotation review, and class balancing, improve the detection 

performance of different object detection architectures for aromatic herbs? 

This paper expanded the problem investigated in Paper I. Instead of training a detector 

on three herb classes with a limited dataset, the third study adopted a data-centric approach, in 

which the focus was the quality, composition, and visual coherence of the dataset. The 
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purpose was to evaluate whether better data construction could improve detection 

performance without depending only on architectural changes. 

The dataset was built from three sources: original photographs captured at CEAGESP, 

images collected in controlled indoor settings, and web-scraped images retrieved through 

structured keyword searches in Portuguese and English. The web search terms included 

common herb names, commercialization contexts, cultivation settings, bundles, loose leaves, 

and market presentation formats. After collection, all images were standardized, consolidated 

by class, and converted to a consistent image format. 

A deduplication step was performed to remove duplicate and near-duplicate images. 

This was necessary to reduce redundancy and avoid inflated performance caused by similar 

images appearing in different dataset splits. After deduplication, the images underwent 

manual visual curation based on the CEAGESP context. Images were excluded when they had 

excessive blur, poor lighting, high noise, inadequate botanical representation, or an 

appearance that did not match the product as commercialized. Scientific illustrations, heavily 

edited images, and images representing non-commercial growth stages were also removed. 

The class selection process was based on visual separability. Since the final system 

depends only on RGB images, species that require smell, touch, or non-visual cues for 

reliable distinction were not retained. The selected classes were basil, mint, sage, bay leaf, 

leek, and rosemary. Other herbs were excluded when their visual distinction was not reliable 

under uncontrolled image conditions. This was the case for species such as chives, dill, 

fennel, tarragon, marjoram, oregano, thyme, coriander, and parsley, which presented either 

strong visual overlap with retained classes or inconsistent visual representation in market 

images. 

Data augmentation was applied only to the training set, using the Albumentations 

library. Five transformations were used: Gaussian blur, brightness adjustment, Gaussian 

noise, random cropping, and horizontal flipping. These transformations were selected to 

simulate common variations in real image acquisition, such as focus problems, uneven 

illumination, sensor noise, framing differences, and changes in object orientation. For each 

class, 100 images were randomly selected from the curated pool and processed through the 

augmentation pipeline. The augmented images were manually reviewed, and only visually 

acceptable samples were retained. 
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After curation and augmentation, the final dataset contained 5,679 images and 13,490 

annotated herb instances, since several images contained more than one visible herb object or 

bundle. The dataset was approximately balanced across the six classes and divided into 

training, validation, and test subsets using a stratified split of approximately 70%, 15%, and 

15%. The test set was held out during training and used only for final evaluation. 

The annotation process combined automatic pre-annotation and manual review. First, 

a lightweight auxiliary YOLOv11s model was trained on a small subset of 480 training 

images and 120 validation images. This auxiliary model was not part of the final comparison; 

it was used only to generate initial bounding-box proposals. The pre-annotations were 

imported into CVAT and manually reviewed image by image. During review, incorrect labels, 

imprecise boxes, false positives, and missed objects were corrected. The final annotations 

were exported in YOLO format and validated using Python scripts to check image-annotation 

correspondence, class identifiers, coordinate ranges, and empty annotation files. 

Three object detection architectures were trained and evaluated on the same dataset: 

YOLOv11s, Faster R-CNN, and SSD300/VGG. YOLOv11s was trained using the Ultralytics 

framework with pretrained weights, image size of 640 x 640 pixels, and 100 epochs. Faster R-

CNN was implemented in Detectron2 using the faster_rcnn_R_50_FPN_3x configuration, 

with a ResNet-50 backbone and a Feature Pyramid Network, trained for 20,000 iterations 

after converting the annotations from YOLO to COCO format. SSD300/VGG was trained 

using a VGG backbone for 20,000 iterations, after converting the annotations to Pascal VOC 

format. 

The evaluation protocol considered the differences between the frameworks. AP@0.5 

was adopted as the common metric for cross-model comparison, since it was available for all 

three models. YOLOv11s and Faster R-CNN were also evaluated using mAP@0.50:0.95, 

which provides a stricter assessment of localization quality across multiple IoU thresholds. 

SSD300/VGG was evaluated using the VOC 2007 protocol, so mAP@0.50:0.95 was not 

available for this model. 

The results showed that YOLOv11s achieved the best overall performance on the 

held-out test set, with mAP@0.5 of 0.802 and mAP@0.50:0.95 of 0.593. Faster R-CNN 

obtained a similar AP@0.5 of 0.798, but with lower mAP@0.50:0.95 and less consistent per-

class behavior. SSD300/VGG reached mAP@0.5 of 0.726, with lower overall performance 

but a more uniform distribution across classes. These results indicated that the curated dataset 
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allowed different model families to reach competitive performance, while YOLOv11s 

presented the best balance between accuracy, localization quality, and deployment feasibility. 

This paper was important for the thesis because it showed that the main improvement 

over the first detection study did not come only from changing the model. The most relevant 

methodological change was the construction of a better dataset: larger, cleaner, more 

balanced, visually coherent, and manually reviewed. The findings reinforced the central 

argument of the thesis that aromatic herb recognition depends not only on model architecture, 

but also on data quality, annotation consistency, and class definition. 

 

3.4 Methodology of the Mobile Deployment and Integrated Inference Pipeline 

Connection with the general objective: this stage contributed to the integration of the 

thesis results into a functional mobile prototype capable of performing offline aromatic herb 

recognition. 

Method: applied development of a native Android application integrating object 

detection, image classification, multilingual interaction, and offline inference. 

General objective: to implement and validate the feasibility of HerbAI as a mobile 

application for offline aromatic herb recognition. 

Research question: can the models developed throughout the thesis be integrated into a 

mobile application capable of performing offline inference using both object detection and 

fallback classification? 

This stage was not developed as a separate article. It was carried out as an additional 

applied contribution of the thesis, connecting the experimental results obtained in the previous 

studies to a functional mobile prototype. The purpose was to verify whether the trained 

models could be converted, embedded, and executed locally on an Android device, without 

requiring cloud inference or an internet connection. 

The mobile application was developed natively for Android using Kotlin and Jetpack 

Compose. The app allows the user to select an image from the device gallery or capture a new 

image using the camera. After image acquisition, the input image is resized to 640 x 640 

pixels and submitted to the inference pipeline. The application was designed to operate 

offline, which is a relevant requirement for use in environments where network access may be 

unavailable, unstable, or restricted. 
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The integrated inference pipeline combines two complementary models. The first 

model is the YOLOv11s object detector, converted to TensorFlow Lite and embedded in the 

Android application. This detector is responsible for identifying the six herb classes defined in 

Paper III: basil, mint, sage, bay leaf, leek, and rosemary. When valid detections are returned, 

the app displays the predicted class, confidence score, and bounding box over the input image. 

For mobile readability, the app displays only the highest-confidence detection per class, 

avoiding excessive overlapping boxes on small screens. 

The second model is an EfficientNet-B0 classifier exported to ONNX and executed 

using ONNX Runtime Android. This classifier is used as a fallback stage when the detector 

does not return a valid detection. Its role is not to replace the detector, but to identify selected 

herb groups outside the six-class detection scope. In the current prototype, the classifier 

supports oregano and the parsley/coriander group. A minimum confidence threshold of 0.70 

was adopted for fallback classification. When the classifier reaches this threshold, the app 

reports that the herb was identified outside the detection group. 

The app also includes interface and accessibility features required for practical use. 

The interface supports Portuguese, English, and Spanish. Text outputs are localized according 

to the selected language. An optional text-to-speech function was implemented to read the 

recognition result aloud, allowing the app to support users who may benefit from auditory 

feedback. The interface also includes buttons for image selection and camera capture, visual 

display of the selected image, prediction overlays, and a message indicating that the 

application operates offline. 

The Android development environment included Android Studio, Gradle, Kotlin, 

Jetpack Compose, TensorFlow Lite, TensorFlow Lite Support, and ONNX Runtime Android. 

The app was tested using both an Android emulator and a physical Samsung Galaxy S21 

device. The repository also includes screenshots and a demonstration video documenting the 

main app behaviors: image selection, camera input, multilingual interface, optional audio 

output, detector results, and fallback classifier results. 

This stage was important for the thesis because it moved the work from model 

evaluation to practical deployment. Papers I, II, and III evaluated detection, classification, and 

dataset construction strategies. The mobile application connected these results into a single 

operational pipeline. In this sense, HerbAI demonstrates that the proposed approach can be 

implemented as an offline mobile system, supporting the use of deep learning for aromatic 

herb recognition beyond the experimental environment. 
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4. RESULTS AND DISCUSSION 

This chapter presents the main results obtained throughout the thesis, organized 

according to the three articles and the additional mobile deployment stage developed as part 

of this research. The results are discussed in relation to the general objective of the thesis: to 

develop and validate a multi-stage deep learning system for aromatic herb recognition using 

representative image data and offline mobile deployment experiments. 

The first three sections summarize the findings of the articles that compose the thesis. 

Paper I presents the initial object detection baseline using YOLOv8 for three aromatic herbs. 

Paper II evaluates image classification using EfficientNet and transfer learning. Paper III 

expands the detection problem through a data-centric approach, including dataset curation, 

class selection, annotation review, and comparison among YOLOv11s, Faster R-CNN, and 

SSD300/VGG. The final section presents the results of the HerbAI mobile application, which 

integrates the detection and classification models into an offline Android prototype. 

Together, these results show the progression of the research from initial model 

development to dataset refinement, comparative evaluation, and mobile deployment. This 

organization allows the thesis to discuss not only model performance, but also the 

methodological decisions that affected the feasibility of applying deep learning to aromatic 

herb recognition in a practical environment such as CEAGESP. 

 

4.1 Results of Paper I 

The first paper evaluated the feasibility of using YOLOv8 for the automatic detection 

of three aromatic herbs: rosemary, mint, and bay leaf. The study represented the first 

experimental stage of this thesis and established an initial baseline for herb detection using 

images obtained from different acquisition sources and under heterogeneous visual 

conditions. 

The individual training results showed that YOLOv8 was able to learn relevant visual 

patterns for the three selected classes. For rosemary, the model reached mAP50 of 0.739, 

precision of 0.724, and recall of 0.786. For mint, the model obtained mAP50 of 0.738, 

precision of 0.739, and recall of 0.714. For bay leaf, the model reached mAP50 of 0.700, 

precision of 0.611, and recall of 0.727. These results indicated that the detector could identify 

the target herbs but also showed differences in performance among classes. 
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The consolidated model, trained on all three classes together, achieved mAP50 values 

above the minimum target adopted in the study. From the third training stage onward, the 

variation in the main metrics became smaller, indicating stabilization of the learning process. 

Rosemary presented the strongest behavior among the three classes, with mAP50, precision, 

and recall values above 0.8 in the consolidated training. Mint showed intermediate results, 

with mAP50 and precision close to 0.65 and recall close to 0.6. Bay leaf presented the 

weakest performance, with greater recognition confusion during testing. 

The results also revealed an important limitation: the model tended to produce over-

detections and confusion when exposed to herbs outside the trained classes. This was 

observed especially in tests with visually similar or untrained aromatic herbs. The recall 

values above 0.5, combined with the qualitative testing, suggested that the detector was able 

to find herb-like regions, but not always with enough discrimination between target and non-

target classes. 

Another relevant finding was the influence of dataset quality and annotation strategy 

on detection performance. The study showed that the number of images, the diversity of 

acquisition conditions, and the definition of bounding boxes directly affected the model 

results. In some cases, the bounding-box decision was not trivial, especially for herbs 

arranged in bunches or with small leaves, such as mint. This indicated that model 

performance depended not only on the YOLOv8 architecture, but also on the consistency and 

representativeness of the training dataset. 

Overall, Paper I demonstrated that object detection could be applied to aromatic herb 

recognition but also showed that the initial dataset was still limited for robust real-world 

deployment. The main contribution of this paper to the thesis was therefore twofold: it 

confirmed the technical feasibility of training a YOLO-based detector for aromatic herbs, and 

it identified the main weaknesses that guided the following studies, especially the need for 

dataset expansion, improved annotation criteria, class refinement, and strategies to reduce 

false detections. 

 

4.2 Results of Paper II 

The second paper evaluated the use of EfficientNet for the classification of three 

aromatic herbs: rosemary, mint, and bay leaf. Unlike Paper I, which focused on object 

detection and bounding-box localization, this study analyzed image classification, in which 
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each input image is assigned to one herb class. This distinction was important for the thesis 

because classification could later be used as a complementary stage in a broader recognition 

pipeline. 

The results showed that EfficientNet could classify aromatic herbs with different 

levels of performance depending on the model variant, image resolution, and training strategy. 

In the transfer learning experiments, using ImageNet pre-trained weights, EfficientNet-B4 

achieved the best result, with accuracy of 0.80 and loss of 0.73 after 50 epochs. EfficientNet-

B2 and EfficientNet-B3 both reached accuracy of 0.77, while EfficientNet-B0 reached 0.71. 

Higher-resolution variants did not necessarily improve performance. EfficientNet-B7, for 

example, required 9 h 44 min of training and reached accuracy of 0.65, showing that 

increasing model scale and resolution did not automatically produce better classification 

results. 

The custom training experiments, performed without pre-trained weights, produced 

the highest accuracy in the study. EfficientNet-B0 reached accuracy of 0.88, followed by 

EfficientNet-B1 and EfficientNet-B3, both with accuracy of 0.80. Although these models 

required longer training time than the transfer learning models, they showed more stable 

learning behavior in some configurations. This result indicated that the model could learn 

discriminative features directly from the herb dataset, even with the visual similarity among 

the classes. 

The comparison between transfer learning and custom training showed a trade-off 

between training efficiency and stability. Transfer learning reduced training time and allowed 

faster experimentation but produced stronger oscillations in accuracy across EfficientNet 

variants. Custom training demanded more computational time, but produced competitive and, 

in some cases, superior accuracy. These findings suggested that ImageNet pre-training was 

useful, but not sufficient to fully solve the classification problem when the target classes 

presented subtle visual differences. 

The results also confirmed that dataset composition affected classification 

performance. The dataset included both isolated leaves and herbs arranged in bunches or 

mixed with other objects. This diversity helped approximate real-world conditions but also 

introduced visual noise. The study identified that classification confusion was influenced by 

the mixture of image types and by the similarity between rosemary, mint, and bay leaf in 

some acquisition conditions. Therefore, the paper reinforced the need for better image 

curation and more consistent input representation. 



42 

 

Overall, Paper II showed that EfficientNet is a viable architecture for aromatic herb 

classification, especially when model resolution and training strategy are selected carefully. 

Its main contribution to the thesis was to demonstrate that classification can complement 

object detection, particularly when the recognition task does not require localization. The 

findings also supported later decisions in the thesis, including the use of EfficientNet-B0 in 

the mobile application as a lightweight classifier for herb groups outside the detector scope. 

 

4.3 Results of Paper III 

The third paper evaluated the impact of a data-centric strategy on aromatic herb 

detection. Unlike Paper I, which used an initial three-class dataset, this study expanded the 

detection problem to six visually selected herb classes: basil, mint, sage, bay leaf, leek, and 

rosemary. The main result of this paper was not only the comparison among detection 

architectures, but the demonstration that dataset quality, class definition, and annotation 

consistency directly affected model performance. 

The final dataset contained 5,679 images and 13,490 annotated herb instances. This 

difference occurred because several images contained more than one visible herb object or 

bundle. The dataset was built through field photography, indoor photography under controlled 

conditions, web scraping, deduplication, visual curation, data augmentation, and manual 

annotation review. After curation, the dataset was divided into training, validation, and held-

out test subsets, with the same splits used for all models. 

The validation results showed that YOLOv11s achieved the best performance among 

the models evaluated on the validation set. It reached mAP@0.5 of 0.819, while 

SSD300/VGG reached 0.752. Per-class results also showed that bay leaf obtained the highest 

AP among the classes, while rosemary remained one of the most challenging classes due to its 

thin, needle-like morphology and greater susceptibility to background confusion. Faster R-

CNN was not included in the per-class validation table because these values were not 

extracted during the original Detectron2 evaluation; however, it was included in the held-out 

test set comparison. 

On the independent test set, YOLOv11s again achieved the best overall result, with 

mAP@0.5 of 0.802 and mAP@0.50:0.95 of 0.593. Faster R-CNN obtained a very close 

AP@0.5 of 0.798, but a lower mAP@0.50:0.95 of 0.541. SSD300/VGG reached mAP@0.5 
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of 0.726. These results showed that YOLOv11s and Faster R-CNN were similar when 

evaluated at IoU 0.5, but YOLOv11s performed better under the stricter localization metric. 

The per-class test results showed different behavior among architectures. YOLOv11s 

presented more consistent results across the six classes, with AP@0.5 values of 0.792 for 

basil, 0.816 for mint, 0.799 for sage, 0.857 for bay leaf, 0.839 for leek, and 0.713 for 

rosemary. Faster R-CNN reached AP@0.5 of 0.740 for basil, 0.790 for mint, 0.780 for sage, 

0.840 for bay leaf, 0.878 for leek, and 0.759 for rosemary. SSD300/VGG obtained AP@0.5 of 

0.714 for basil, 0.759 for mint, 0.715 for sage, 0.776 for bay leaf, 0.751 for leek, and 0.638 

for rosemary. 

The comparison showed that YOLOv11s had the best balance between accuracy and 

deployment feasibility. Faster R-CNN performed competitively, especially at AP@0.5, but its 

two-stage architecture is computationally more demanding. SSD300/VGG had the lowest 

overall mAP but still produced usable results across all classes. Since SSD300/VGG was 

evaluated using the VOC 2007 protocol, mAP@0.50:0.95 was not available for this model, 

which limited direct comparison with YOLOv11s and Faster R-CNN under stricter IoU 

thresholds. 

The speed-related results were treated with caution. YOLOv11s was the only model 

explicitly profiled for inference latency, reaching approximately 1.2 ms per image for model 

inference and 21.1 ms per image for the complete preprocessing-inference-postprocessing 

pipeline on the RTX 4090. SSD300/VGG processed the validation set of 849 images in 

approximately 13 seconds, which provides only an approximate throughput estimate under its 

evaluation pipeline. Faster R-CNN inference time was not explicitly logged. Therefore, 

conclusions about speed were restricted to measured or directly observed values. 

Overall, Paper III showed that the main improvement over the initial detection study 

came from the dataset construction process. By expanding the number of classes, filtering 

low-quality images, removing duplicates, defining classes based on visual separability, 

balancing the dataset, and manually reviewing annotations, the detection performance became 

more stable across different architectures. The paper confirmed that aromatic herb recognition 

is not only a model selection problem, but also a data quality and class definition problem. 

This paper was central to the thesis because it provided the strongest detection model 

used in the mobile application. The YOLOv11s model selected from this study became the 
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detector integrated into HerbAI, supporting the six-class recognition stage of the offline 

mobile inference pipeline. 

 

4.4 Results of the Mobile Deployment and Integrated Inference Pipeline 

The mobile deployment stage resulted in a functional Android prototype named 

HerbAIApp. This stage was not developed as an independent article, but as an additional 

applied contribution of the thesis. Its purpose was to verify whether the models evaluated in 

the previous studies could be integrated into a single offline mobile inference pipeline. 

The application was implemented natively in Android using Kotlin and Jetpack 

Compose. The final prototype allows the user to either select an image from the device gallery 

or capture a new image using the camera. After image input, the app runs the recognition 

pipeline locally on the device, without requiring internet access or cloud processing. Figure 1 

shows the main interface of the application, including the image input options and the 

multilingual menu. 
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Figure 1. HerbAIApp initial interface with multilingual menu. 

 
Source: Prepared by the author (2026). 

 

The first stage of the mobile pipeline uses the YOLOv11s detector converted to 

TensorFlow Lite. This model detects the six herb classes selected in Paper III: basil, mint, 

sage, bay leaf, leek, and rosemary. When a valid detection is found, the application displays 

the predicted class, confidence score, and bounding box over the image. In the visual tests 

performed with the prototype, the detector returned valid predictions for all six target classes. 

Figure 2 presents examples of detector-based outputs generated by the mobile application. 
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Figure 2. Examples of YOLOv11s detector outputs in the mobile application. 

 
Source: Prepared by the author (2026). 

 

 

The app interface was designed to show only the highest-confidence detection per 

class. This decision improved readability on mobile screens, especially for images with 

overlapping herbs or repeated leaves. Instead of displaying multiple overlapping boxes, the 

app presents a cleaner output focused on the most relevant detection result. 

The second stage of the pipeline uses an EfficientNet-B0 classifier exported to ONNX. 

This classifier is activated when the detector does not return a valid detection. Its purpose is to 

identify selected herb groups outside the six-class detector scope. In the current prototype, the 

fallback classifier recognizes oregano and the parsley/coriander group. A confidence 

threshold of 0.70 was used for this stage. When the classifier reaches this threshold, the app 

informs the user that the herb was identified outside the detection group. Figure 3 shows 

examples of fallback classification results. 
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Figure 3. Examples of EfficientNet-B0 fallback classifier outputs. 

 
Source: Prepared by the author (2026). 

 

 

The fallback classifier achieved high quantitative performance on its held-out test set. 

The model reached test accuracy of 0.9810, test loss of 0.104545, and best validation 

accuracy of 0.9905. For oregano, the classifier obtained precision of 0.9574, recall of 1.0000, 

and F1-score of 0.9783. For the parsley/coriander group, it obtained precision of 1.0000, 

recall of 0.9667, and F1-score of 0.9831. These results supported its use as a complementary 

classification stage in the mobile prototype. 

The app also implemented multilingual and accessibility features. The interface 

supports Portuguese, English, and Spanish, allowing the same prediction output to be 

presented in different languages. In addition, an optional text-to-speech function was added so 

that the recognition result can be read aloud. This feature is relevant for accessibility and 
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reinforces the practical orientation of the application. Figure 4 illustrates the interface with the 

text-to-speech option enabled. 

 

Figure 4. HerbAIApp interface with optional text-to-speech enabled. 

 
Source: Prepared by the author (2026). 

 

 

The prototype was tested on an Android emulator and on a Samsung Galaxy S21 

device. The tests confirmed the execution of the main app functions: image selection, camera 

input, offline inference, bounding-box visualization, fallback classification, multilingual 

output, and optional audio feedback. The screenshots produced during testing documented 

both detector-based predictions and classifier-based fallback results. 

Overall, this stage showed that the proposed approach could move beyond model 

training and be implemented as a working mobile system. The results demonstrated the 
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feasibility of combining object detection and classification in a single offline Android 

application. In the context of the thesis, HerbAIApp represents the practical integration of the 

three studies: YOLO-based detection from Papers I and III, EfficientNet-based classification 

from Paper II, and mobile deployment as the final applied outcome. 
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5. FINAL CONSIDERATIONS 

This thesis developed and evaluated HerbAI, a multi-stage deep learning system for 

aromatic herb recognition designed for practical food distribution contexts. The research was 

organized into three articles and an additional mobile deployment stage. Together, these 

stages addressed object detection, image classification, data-centric dataset construction, 

model comparison, and offline mobile inference. 

The results showed that aromatic herb recognition is not only a model selection 

problem. Dataset quality, visual class definition, annotation consistency, and deployment 

constraints directly affected the feasibility of the proposed system. The progression from the 

initial YOLOv8 detector to the curated six-class YOLOv11s model and the final Android 

prototype demonstrated that technical performance improves when model development is 

combined with careful data preparation and practical deployment requirements. 

Overall, the thesis confirmed the feasibility of using deep learning to identify aromatic 

herbs in uncontrolled visual conditions, especially when detection and classification are 

treated as complementary stages. The HerbAIApp prototype showed that the proposed 

approach can be implemented as an offline mobile application, supporting the use of artificial 

intelligence beyond the experimental environment. 

 

5.1 Conclusions 

The general objective of this thesis was achieved. A multi-stage deep learning system 

for aromatic herb recognition was developed, evaluated, and deployed as an offline Android 

prototype. 

Paper I showed that YOLO-based object detection could identify rosemary, mint, and 

bay leaf, but also revealed limitations related to over-detection, dataset size, and bounding-

box consistency. Paper II showed that EfficientNet could classify visually similar herbs and 

supported the use of classification as a complementary recognition stage. Paper III 

demonstrated that dataset curation, image quality filtering, class selection, and annotation 

review improved detection stability across different architectures. 

Among the evaluated detection models, YOLOv11s presented the best balance 

between accuracy and deployment feasibility. It achieved the highest test performance in 

Paper III and was selected for integration into the mobile application. The EfficientNet-B0 
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classifier was used as a fallback stage for herb groups outside the detector scope, expanding 

the practical behavior of the app without forcing all inputs into the six detection classes. 

The final mobile prototype confirmed that the proposed pipeline could operate offline, 

using image selection or camera input, multilingual output, bounding-box visualization, 

fallback classification, and optional text-to-speech. Therefore, the thesis contributes both 

experimentally and practically: it advances the study of aromatic herb recognition using deep 

learning and demonstrates a working mobile implementation designed for practical use in 

food distribution contexts. 

 

5.2 Recommendations for Future Work 

Future work should expand the dataset with new images collected directly at 

CEAGESP and in other commercialization environments. Increasing the number of real 

images, especially for the most difficult classes, may improve model robustness under 

variations in lighting, occlusion, background, and product presentation. 

Another recommendation is to evaluate the mobile application with end users, 

including CEAGESP workers, retailers, students, and non-specialist users. This would allow 

the assessment of usability, response time, language support, and the practical value of offline 

herb recognition in real operating conditions. 

Future versions of HerbAI may also include additional herb classes, if they meet visual 

separability criteria. Classes that are difficult to distinguish using RGB images alone should 

be treated carefully, either through grouped labels, open-set rejection, or additional data 

sources. 

Finally, future research should investigate model compression, quantization, and 

broader on-device benchmarking. These steps may reduce model size, improve inference 

speed, and support deployment on lower-cost Android devices. 
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