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Abstract 

Brinjal (Solanum melongena L.) is an important vegetable crop worldwide, but its cultiva-
tion faces challenges from pests, diseases, and variable environmental conditions that neg-
atively affect quality and yield. Accurate fruit detection in natural field conditions is es-
sential for yield estimation and perception module of automated harvesting, but existing 
deep learning techniques often require substantial computational support, restricting 
their deployment on edge devices. This study addresses this gap by evaluating the Faster 
Objects, More Objects (FOMO) model—a lightweight architecture for resource-con-
strained platforms—for brinjal detection under diverse field conditions. A dataset of 1500 
images was captured under varying illumination and growth stages, annotated using a 
bounding box-based approach, and used to train FOMO models with 25, 50, and 100 
epochs via transfer learning. Post-training quantization to INT8 format was applied to 
assess improvements in computational efficiency. The Float32 model achieved a precision 
of 0.827, recall of 0.915, and F1-score of 0.869 at 100 epochs. The INT8-quantized model 
maintained comparable accuracy (precision 0.829, recall 0.908, F1-score 0.866) while re-
ducing model size by 63.33% (from 0.30 MB to 0.11 MB), inference time by 62.02% (from 
65.3 ms to 24.8 ms), and RAM usage by 73.02% (from 887.2 KB to 239.4 KB). These results 
demonstrate that FOMO combined with INT8 quantization provides an efficient, accurate 
solution for real-time brinjal detection on edge platforms, supporting the advancement of 
precision agriculture through intelligent crop monitoring and serving as a perception 
module for future robotic harvesting systems. 
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1. Introduction 
Harvesting of horticulture produce presents significant challenges due to non-uni-

formity in maturity cycle, making it labour-intensive and requiring frequent intervention. 
Manual harvesting of horticultural crops (fruits, vegetables, and flowers) is highly labour-
intensive, often requiring between 50% and 80% of the total labour hours and about one-
third to half of the total production expenses for the entire production cycle. Timely har-
vesting of horticultural crops is essential, as delays result in over-ripening/over-maturity, 
which leads to a consistently extensive labour requirement. Due to the recently faced 
shortage of labour in agricultural operations, excess work hours in such physically drain-
ing tasks that are marked by ergonomic strain and repetitive motion, contribute to docu-
mented health hazards for agricultural workers, including elevated rates of musculoskel-
etal disorders, heat stress, dermatitis, infections, and occupational injuries. With the glob-
ally escalating horticultural produce needs, and in spite of such constraints, there is a re-
quirement for development in technological advancement and automation in the harvest-
ing field, such as fruit detection and localization technologies and robotic harvesters, with 
the perspective of improving operational precision, resource management, and produce 
quality. 

Brinjal (Solanum melongena L.), also known as eggplant, is an economically valuable 
vegetable commodity that is produced on a global scale. As of 2023, global brinjal produc-
tion reached approximately 59.3 M million tonnes, with China, India, and Egypt being the 
leading producers [1]. In India, brinjal is the third-largest vegetable crop in terms of pro-
duction, cultivated over approximately 0.7 million hectares with an annual production of 
about 13.4 million tonnes [2]. Besides its economic importance, brinjal is nutritionally val-
uable due to its rich content of vitamins, minerals, and dietary fibre, contributing signifi-
cantly to food security and nutritional diversity in many regions [3]. However, brinjal 
harvesting faces several challenges adversely affecting crop yield and quality [4,5]. Accu-
rate detection and monitoring of brinjal fruits in field environments can support yield es-
timation, optimized harvesting schedules, and automated harvesting systems, thereby 
improving agricultural productivity [6]. 

The accelerated advancement in computer vision technologies and artificial intelli-
gence (AI) modern agriculture is increasingly adopting automated solutions to enhance 
productivity and efficiency [7]. Deep learning-assisted object recognition and detection 
techniques have become impactful tools for identifying crops, weeds, pests, and diseases 
in complex agricultural environments. Traditional agricultural monitoring methods often 
depend on manual inspections, which are time-consuming, manpower-intensive, and sen-
sitive to human error [8]. The adoption of computer vision systems can significantly im-
prove the accuracy and efficiency of agricultural monitoring tasks [9]. 

Recent advances in deep learning-based object detection, particularly Convolutional 
Neural Network (CNN) models, have shown promising results in agricultural applica-
tions [10,11]. Models such as Mask R-CNN, Faster R-CNN, and YOLO have been widely 
used for fruit finding in natural, complex agricultural conditions. Zu et al. [12] reported 
an F1-score of 92% using Mask R-CNN for tomato detection, while Chen et al. [13] utiliz-
ing Faster R-CNN with ResNet-50, achieved an average precision of 0.83 for strawberry 
detection. Adoption of YOLO-based models has also been extensively explored due to 
their fast inference capability [14], with improved variants such as YOLO-Tomato, 
YOLOv3-Litchi, and SE-YOLOv5 achieving recognition accuracies above 87–94% [15–17]. 
However, these models typically require large architectures and high computational re-
sources, limiting their deployment on edge devices used in agricultural automation. To 
address this limitation, lightweight models such as FOMO (Faster Objects, More Objects) 
have been evaluated for efficient real-time inference. FOMO has demonstrated strong per-
formance on embedded platforms, achieving up to 60 FPS on Raspberry Pi [18], and has 
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been applied to applications including pothole detection, water-level monitoring, mos-
quito egg detection, and borehole detection [19]. In agricultural applications, FOMO 
achieved 90.2% detection accuracy for strawberry detection on embedded hardware [20]. 
Additional studies have reported its use in currency recognition, railway signal detection, 
and wildlife monitoring, highlighting its versatility for edge-based vision systems [21–23]. 
Furthermore, improvements such as adaptive tiling techniques have enhanced FOMO 
performance by reducing object counting errors by 76% and increasing F1-scores by over 
225% [24]. 

Although deep learning-based fruit detection has been extensively investigated, 
many existing approaches rely on computationally intensive architectures that require 
GPU-class hardware for deployment. Recent advances in TinyML have highlighted the 
importance of deploying machine-learning models directly on resource-constrained edge 
devices and microcontrollers for real-time applications [25]. FOMO (Faster Objects, More 
Objects) was specifically developed to enable object detection on highly constrained em-
bedded platforms through centroid-based localization rather than computationally ex-
pensive bounding-box regression. As a result, FOMO can achieve object localization using 
substantially lower memory and processing resources than conventional MobileNet SSD 
and YOLO-based detectors [26]. As on the authors’ awareness and knowledge, not much 
research has been conducted in precision agriculture specifically for brinjal crops, alt-
hough several approaches have been explored for detection and maturity assessment. 
Early work by Hayashi et al. [27,28] utilized RGB-based channel subtraction techniques to 
isolate brinjal fruits, achieving a harvesting rate of 62.5% with a processing time of ap-
proximately 64.1 s per fruit; however, the method was highly dependent on controlled 
lighting conditions and exhibited slow processing speed, limiting its applicability in real-
time field environments. Subsequent studies, such as Jian [29], applied grayscale-based 
segmentation and contour analysis for fruit localization, but these approaches were sen-
sitive to background complexity and lacked robustness under varying field conditions. 
Miraei et al. [30] focused on improving mechanical harvesting through end-effector de-
sign; however, their work did not address the vision-based detection challenges required 
for autonomous harvesting systems. More recently, deep learning-based approaches have 
been introduced, with Kahya et al. [31] employing YOLOv5 models to achieve high de-
tection precision of 95.65%; nevertheless, such models require substantial computational 
resources and larger model sizes, limiting their deployment on resource-constrained edge 
devices. In addition, machine vision-based maturity estimation methods using pixel clus-
tering and spatial features have reported accuracies of up to 96% [32], but these methods 
rely on handcrafted features and lack scalability under diverse field conditions. Edge-
based implementations such as the Brinjal Harvesting Decision System (BHDS) have 
demonstrated practical applicability under field conditions, achieving a detection preci-
sion of 87.48% and an F1-score of 87.53% [33]; however, the reliance on conventional im-
age processing techniques results in slower inference speeds and limited real-time capa-
bility. Similarly, recent lightweight deep learning improvements such as YOLOv11s-Brin-
jal have achieved high detection performance with precision of 94% and F1-score of 95.3% 
[34], but the model still involves relatively higher computational complexity compared to 
ultra-lightweight architectures, which may restrict its deployment on low-power edge 
platforms. 

To address the research gap of achieving good detection performance, low computa-
tional cost, and real-time use on low-power devices at the same time, this study evaluates 
the Faster Objects, More Objects (FOMO) model-based lightweight object detection ap-
proach for brinjal detection under natural field conditions, as shown in Figure 1. The key 
objective is to evaluate the detection accuracy of the model in diverse environmental set-
tings. Additionally, to enable deployment on resource-limited edge devices, model 
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optimization techniques such as quantization were employed. The optimization tech-
nique reduces the computational and the model size requirements while keeping the ad-
missible detection accuracy. The study evaluates the trade-offs between Float32 and INT8 
model formats, quantifies their effects on accuracy, memory consumption, inference 
speed, and deployment performance, and validates the resulting models under natural 
field conditions using the OpenMV Cam H7 platform. By focusing on a lightweight and 
edge-optimized detection approach, this research aims to illuminate the applicability of 
the FOMO model for practical agricultural applications. The findings are expected to ex-
pand the understanding of computer vision applications in precision agriculture, partic-
ularly in the context of brinjal detection in natural field environments. Autonomous har-
vesting is a multi-stage process involving perception, localization, maturity assessment, 
manipulation planning, end-effector interaction, and harvesting verification. Therefore, 
the contribution of the present study focuses specifically on adapting, optimizing, quan-
tizing, deploying, and validating a TinyML-oriented FOMO framework for the perception 
component by developing a lightweight-embedded vision framework capable of real-time 
brinjal detection under field conditions, using embedded hardware suitable for precision 
agriculture applications. 

 

Figure 1. Workflow of the automated brinjal fruit detection system using the lightweight detection 
model FOMO. 

2. Material and Methods 
The materials and methodologies employed in the proposed approach describes the 

dataset acquisition settings and experimental setup. This is followed by an overview of 
the detection algorithms used, specifically FOMO (Faster Objects, More Objects). Subse-
quently, the application of learning techniques is discussed, including transfer learning 
and hyperparameter fine-tuning. The model optimization strategies adopted in the study 
are then outlined. Finally, the evaluation metrics used to assess the performance of the 
proposed approach are briefly explained. 

2.1. Dataset Acquisition Setting and Experimental Setup 

The dataset employed in this experiment comprises 4500 images (1500 original field 
images + 3000 pre-processed and augmented images) of brinjal fruits captured using a 
24.1-megapixel digital camera equipped with an APS-CMOS sensor and DIGIC-8 image 
processor [30]. The sensor has physical dimensions of 22.3 × 14.9 mm and recorded images 
with a resolution of 2112 × 1600 pixels. The camera was fitted with an 18–45 mm focal 
length lens with an aperture range of f/4.5–6.3. No publicly available datasets were used 
in this study. The image dataset was collected from experimental brinjal fields at ICAR–
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Indian Agricultural Research Institute (ICAR-IARI), New Delhi, India. The original im-
ages were captured across multiple acquisition dates, different experimental field plots, 
varying illumination conditions (morning, afternoon, and evening), different camera-to-
fruit distances, and multiple viewing angles. Furthermore, the dataset included variations 
in fruit orientation, canopy structure, leaf occlusion, and natural field backgrounds as il-
lustrated in Figure 2. Such diversity was incorporated to improve model robustness under 
realistic agricultural operating conditions. Images were acquired under non-uniform 
lighting conditions, incorporating variations in natural sunlight during morning, after-
noon, evening, and shaded environments to strengthen the detecting model’s stability. 
Approximately 150 images were captured per day for five days, with image acquisition 
sessions conducted at 12-day intervals to incorporate variations in plant growth and en-
vironmental conditions. All images were captured during the maturity stage of brinjal 
fruits, which corresponds to the stage suitable for human consumption. To enhance the 
robustness and generalization capability of the model, a comprehensive data prepro-
cessing and augmentation pipeline was implemented mentioned in Table 1, using an 
online cloud-based platform Edge Impulse with student access. For model development, 
the dataset was divided into training and validation subsets, where 80% of the images 
(3600 images) were used for training and 20% (900 images) were used for validation. Im-
age annotation was performed manually using the Roboflow platform for labelling inter-
face. Each visible brinjal fruit instance was annotated using rectangular bounding boxes 
that enclosed the fruit region. These annotations served as the object-location labels for 
model development. During training, the FOMO framework automatically converted the 
bounding-box annotations into centroid-based localization targets represented on the out-
put heatmap. All annotations were visually inspected and verified prior to model training 
to ensure consistency and labelling accuracy. All images were resized to 256 × 256 pixels 
before training and evaluation. This resolution was selected to balance detection perfor-
mance and computational efficiency for deployment on the OpenMV Cam H7 platform. 
While higher resolutions may preserve additional spatial detail for very small or partially 
occluded fruits, they also increase computational and memory requirements, which are 
critical constraints for TinyML-based embedded systems. Experiments were performed 
on a workstation equipped with an Intel Core i7-11900HK CPU, 32 GB RAM, and an 
NVIDIA GeForce RTX 3050 Ti GPU with 12 GB VRAM, enabling efficient training and 
evaluation of both Float32 and INT8 versions of the model. 

Table 1. Data preprocessing and augmentation pipeline techniques and their settings. 

Technique Type Setting Purpose 

Image resizing Preprocessing 256 × 256 pixels 
(resize-fit) 

Standardizes input size; ensures computational effi-
ciency while retaining sufficient spatial resolution 
for feature extraction 

Random rotation Geometric −15° to +15° 
Simulates natural plant orientations and varying 
camera angles during data acquisition 

Adaptive histogram 
equalization (CLAHE) 

Enhancement Local contrast en-
hancement 

Emphasizes subtle surface texture; highlights glossi-
ness and skin quality indicators critical for detection 
assessment 

Gaussian blur Photometric Up to 0.5 pixels 
Simulates natural camera motion, focus variations, 
and environmental factors, such as wind movement, 
during image capture 

Scaling and shifting Geometric 
Scale: 50–150%; shift: 
up to 10% 

Improves generalization to object size and location 
variability 
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Figure 2. Sample of original acquired dataset under natural sunlight environment and enhanced 
images; (a) morning, (b) afternoon, (c) evening, (d) original image before enhancement, (e) bright-
ness adjusted image, (f) CLAHE adjusted image, (g) random rotation applied image, (h) Gaussian 
blur-added image, (i) scale-adjusted image. 

To prevent information leakage between training and validation datasets, all aug-
mented images generated from a given original image were maintained within the same 
dataset partition. Consequently, augmented derivatives originating from a particular 
source image were assigned exclusively either to the training dataset or to the validation 
dataset and were never distributed across both subsets. This grouping strategy ensured 
that validation samples remained independent of training samples and prevented artifi-
cially inflated performance estimates caused by highly correlated augmented images [35]. 

2.2. FOMO Architectures 

The object detection framework proposed in this study is built upon the FOMO 
(Faster Objects, More Objects) architecture [27], specifically adapted for real-time brinjal 
fruit detection under uncontrolled natural field conditions. The framework is built around 
a truncated MobileNetV2 backbone, modified to serve as a spatial feature extractor from 
conventional anchor-based detection paradigms by replacing the bounding-box regres-
sion head with a heatmap-based object localization mechanism illustrated in Figure 3. The 
design prioritizes low computational overhead and deployment feasibility on microcon-
troller-class hardware without the post-processing overhead of non-maximum suppres-
sion, while maintaining reliable detection performance under varying illumination, occlu-
sion, and background conditions typical of agricultural settings. 
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Figure 3. Detailed architecture of the object detection framework for brinjal fruit detection. 

The proposed pipeline follows a two-stage design: (i) a truncated MobileNetV2 back-
bone that performs hierarchical spatial feature extraction, and (ii) a compact heatmap pre-
diction head that localizes brinjal fruit within the resulting feature space as elucidated in 
Figure 4. The network processes input images of resolution 256 × 256 × 3 and progressively 
reduces spatial dimensions while increasing channel depth, culminating in a 32 × 32 × 96 
cut point feature map. The input resolution of 256 × 256 pixels was selected to balance 
localization performance and computational efficiency for deployment on the OpenMV 
Cam H7 platform. This spatial representation, at an effective stride of 8 relative to the 
input, is passed directly to the detection head without global pooling or dense classifica-
tion layers—a design choice that preserves the full spatial awareness required for object 
localisation in complex canopy backgrounds. 

 

Figure 4. The final FOMO MobileNetV2 network architecture. 

2.2.1. Backbone 

To meet the computational constraints of edge deployment in agricultural settings, 
the backbone is derived from MobileNetV2 [30], a compact architecture that employs in-
verted residual bottleneck blocks with depthwise-separable convolutions to reduce mul-
tiply accumulate operations without a commensurate loss in representational capacity as 
illustrated in Figure 5. The network is truncated at an intermediate-expanded activation 
layer, yielding a spatially rich feature volume suited for dense heatmap prediction. 
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Figure 5. Backbone bottleneck structure diagram. 

2.2.2. Stem Layer 

A 3 × 3 convolutional layer with stride 2 processes the 256 × 256 × 3 input, producing 
an initial 128 × 128 × 16 feature map. This stage establishes low-level visual features—
edges, colour gradients, and texture patterns, relevant to brinjal fruit identification while 
halving spatial resolution to reduce subsequent computational load. 

2.2.3. Inverted Residual Bottleneck Groups 

Three sequential bottleneck groups progressively reduce spatial resolution from 128 
× 128 to 32 × 32 while expanding channel depth. Group 1 (t = 1, c = 8, n = 1, s = 1) compresses 
channels at full resolution. Group 2 (t = 6, c = 16, n = 2, s = 2) performs the first stride-2 
downsampling from 128 × 128 to 64 × 64. Group 3 (t = 6, c = 24, n = 2, s = 2) applies a second 
stride-2 downsampling from 64 × 64 to 32 × 32, expanding intermediate feature maps to 
96 channels. Residual skip connections are retained only in stride-1 blocks where input 
and output dimensions match; strided blocks with mismatched spatial sizes do not carry 
skip connections. 

2.2.4. FOMO Cut Point 

The backbone is truncated at the expanded activation tensor block_6_expand_relu—
the post-expansion, pre-projection feature volume of shape 32 × 32 × 96. This intermediate 
representation is preferred over the final projected output (32 × 32 × 24) because it retains 
a higher-dimensional activation space with greater discriminative capacity for spatial lo-
calisation. All subsequent global average pooling and dense classification layers of the 
original MobileNetV2 architecture are discarded. 

2.3. Detection Head and Output Decoding 

The 32 × 32 × 96 feature map is passed to a lightweight heatmap prediction head 
consisting of a single 1 × 1 convolutional layer followed by a per-pixel softmax activation. 
This produces an output tensor of shape 32 × 32 × (K + 1), where K denotes the number of 
target object classes (K = 1 for brinjal) and the additional channel encodes background 
probability. Each spatial cell in the 32 × 32 grid represents an 8 × 8-pixel region in the 
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original 256 × 256 input image; brinjal fruit detections are identified by locating peak acti-
vations in the foreground class channel that exceed a predefined confidence threshold. 

Neighbouring high-confidence predictions within a spatial proximity are grouped 
through a centroid clustering process to consolidate activations arising from the same fruit 
instance into a single detection event. This post-processing step replaces the bounding-
box regression and non-maximum suppression routines of conventional detectors, sub-
stantially reducing inference time overhead and making the model suitable for deploy-
ment on devices with limited processing capability. 

2.4. Lightweight Design and Computational Efficiency 

The FOMO architecture employs a truncated MobileNetV2 backbone followed by a 
lightweight fully convolutional detection head. The total number of trainable parameters 
depends on the selected MobileNetV2 width multiplier (alpha), network cut point, input 
resolution, and number of output classes. Consequently, parameter count and memory 
footprint vary according to the deployment configuration adopted for a particular appli-
cation. The systematic use of depthwise-separable convolutions reduces multiply accu-
mulate operations by a factor of approximately 8–9 relative to standard convolutions of 
equivalent spatial coverage [36], making the model well-suited for deployment on em-
bedded platforms, such as the Arduino Nicla Vision and Raspberry Pi series, commonly 
employed in precision agriculture applications. 

The heatmap-based output formulation further reduces inference overhead by elim-
inating anchor decoding, bounding-box regression, and non-maximum suppression—op-
erations that collectively account for a significant proportion of post-processing latency in 
region-based and anchor-based detectors. Quantitative inference benchmarks, including 
memory footprint and per-frame latency for both Float32 and INT8 model representations. 

2.5. Application of Learning Techniques 

2.5.1. Transfer Learning 

Deep learning models are composed of a layered architecture, in which various lay-
ers are arranged in a specific order. These layers can extract attributes from the input data 
images, learn, and subsequently predict the output [37]. Transfer learning is a machine-
learning process that employs a previously trained model as the foundation for the new 
model on a closely linked second task. Pre-trained models are typically trained using a 
vast and varied dataset, such as ImageNet, which has millions of photos and thousands 
of object types [38]. This model was trained to extract necessary image attributes such as 
textures, edges, and shapes. Following attributes can be employed to initialize the weights 
of a new model, which is subsequently refined on a smaller dataset, offering numerous 
benefits. The model for the second job can be trained more rapidly, as fundamental fea-
tures have already been acquired. Transfer learning can yield superior performance com-
pared to training a model from the ground up, particularly when the new dataset resem-
bles the pre-trained dataset [39]. It can improve the generalization of the new model. The 
pre-trained model has learned features that are useful to a variety of tasks. Transfer learn-
ing enables accurate prediction with less data. 

2.5.2. Fine-Tuning of Hyperparameters 

Fine-tuning of hyperparameters performs critically in optimizing models to achieve 
improved detection accuracy and generalization performance. Hyperparameters regulate 
the learning process, and their selection depends on both the model architecture and the 
characteristics of the training dataset [36,40,41]. In this study, key hyperparameters were 
configured as the number of batch size epochs and learning rate to obtain optimal detec-
tion performance. The models were trained with epoch values of 25, 50, and 100, while a 
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batch size of 8 was used for updating model weights during each training iteration. To 
strengthen model generalization and minimize overfitting, data augmenting methods, in-
cluding operations such as rescaling, zooming, shearing and horizontal flipping of the 
input images, were applied. The model had been trained using the Adam optimizer and 
the categorical cross-entropy loss function with a 0.001 learning rate, which is the default 
setting in the Keras library [42]. The final hyperparameters were configured based on the 
model achieving the optimum detection accuracy. The set of hyperparameters used dur-
ing the training process is summarized in Table 2. 

Table 2. Hyperparameters used for training the FOMO model. 

Serial Parameter Value/Range 
1 Model Architecture Faster Objects, More Objects (FOMO) 
2 Number of Epochs 25, 50, 100 
3 Batch Size 8 
4 Learning Rate 0.001 
5 Optimizer Adam 
6 Loss Function Categorical Cross Entropy  
7 Data Augmentation Rescaling, Shearing, Zooming, Horizontal Flip, CLAHE, Gaussian Blur 

2.6. Model Optimization 

Aiming improve computational efficiency and reduce model size; post-training 
quantization was applied to convert the model weights and activations to 8-bit integer 
(INT8) format [43]. Quantization reduces the memory footprint and accelerates inference 
by enabling integer arithmetic operations, making the model more suitable for deploy-
ment on edge-AI hardware and embedded systems [44,45]. For the evaluation of the 
model optimization impact on detection accuracy and computational efficiency, two ver-
sions of the trained FOMO model were trained and evaluated: a Float32 model and an 
INT8-quantized model. The Float32 model represents the baseline configuration, where 
model activations and weights are stored in 32-bit floating-point format. This format pro-
vides high numerical precision but requires greater memory and computational resources. 
Model quantization was applied to convert the trained Float32 model into an INT8 repre-
sentation to reduce memory usage and computational complexity. To investigate the in-
fluence of quantization at different stages of model convergence, three independent 
Float32 model checkpoints were retained after 25, 50, and 100 training epochs. Post-train-
ing quantization (PTQ) was then applied separately to each checkpoint to generate the 
corresponding INT8 models. Consequently, the reported INT8 results do not represent 
models trained in integer precision; rather, they represent quantized versions of previ-
ously trained Float32 checkpoints evaluated after the PTQ conversion process. Quantiza-
tion maps floating-point values X to integer values Xq using a linear transformation de-
fined by a scale factor S and zero-point Z. The quantized value is computed as per Equa-
tions (1) and (2) [46], 𝑋௤ = 𝑟𝑜𝑢𝑛𝑑 ቀ௑ௌቁ + 𝑍  (1)

The scale factor was calculated using the maximum and minimum values of the ten-
sor, i.e., floating-point values range (Xmax, Xmin) and integer limits (qmax, qmin) 𝑆 =  ௑೘ೌೣ ି ௑೘೔೙௤೘ೌೣ ି ௤೘೔೙  (2)

This process enables efficient integer arithmetic during inference while maintaining 
comparable model accuracy. 
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The INT8 model was generated using the post-training quantization (PTQ) workflow 
and exported as a TensorFlow Lite Micro (TFLM) model for deployment on the OpenMV 
Cam H7 platform. The Float32 model was converted to an INT8 model using the Tensor-
Flow Lite full-integer post-training quantization (PTQ) framework, which employs linear 
affine quantization for efficient embedded inference. In the exported TensorFlow Lite 
model, the convolutional weights are represented using per-channel (per-axis) INT8 
quantization, whereby each output channel is assigned an independent quantization scale, 
while the input tensor, intermediate activation tensors, and output tensors are represented 
using per-tensor INT8 quantization with a single scale and zero-point. The convolution 
biases are stored as INT32 values with scaling factors derived from the corresponding 
input and weight quantization parameters, in accordance with the TensorFlow Lite quan-
tization specification. The quantization parameters are generated automatically during 
model conversion and embedded within the exported TensorFlow Lite model. The result-
ing quantized model was deployed on the OpenMV Cam H7 using the TensorFlow Lite 
Micro inference engine together with ARM CMSIS-NN optimized kernels and Tensor-
Flow Lite Micro components for efficient inference on the STM32H743 Cortex-M7 micro-
controller [47], enabling efficient low-memory inference while maintaining detection per-
formance. 

Inference was executed using the TensorFlow Lite Micro runtime with static tensor-
arena memory allocation. This memory-management strategy preallocates inference buff-
ers at compile time and avoids dynamic memory allocation during execution, improving 
memory predictability and deployment reliability on resource-constrained embedded 
systems. 

Although post-training quantization is conventionally applied only to the final con-
verged model for deployment, the present study additionally quantized intermediate 
Float32 checkpoints obtained after 25, 50, and 100 training epochs. The purpose of this 
analysis was to systematically investigate how model convergence influences post-train-
ing quantization performance and to evaluate the evolution of Float32–INT8 performance 
differences throughout the training process. These intermediate INT8 models were gen-
erated exclusively for comparative analysis and were not intended to represent the de-
ployment workflow. The final embedded implementation on the OpenMV Cam H7 em-
ployed the INT8 model obtained from the fully converged Float32 network after 100 train-
ing epochs. 

2.7. Evaluation Matrices 

The performance of the proposed FOMO-based brinjal detection framework was 
evaluated using classification-, localization-, and counting-oriented metrics. Unlike con-
ventional object detectors such as YOLO, Faster R-CNN, and Mask R-CNN that perform 
bounding-box regression, FOMO employs centroid-based localization using probability 
heatmaps and therefore does not directly generate bounding boxes. Consequently, evalu-
ation was performed using metrics consistent with the operating principle of the FOMO 
architecture, including precision, recall, F1-score, miss rate, missed-fruit rate, and count-
ing-performance metrics [48]. Here are some key metrics (Equations (3)–(8)) used for eval-
uating object detection models: 

2.7.1. Precision 

Determines the proportion of true positive (TP) detections across all positive detec-
tions, including false positives (FP), produced by the model. 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  ்௉்௉ ା ி௉  (3)
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2.7.2. Recall 

Defines the ratio of real positive detections across all actual positive detections ob-
tained through the model. 𝑅𝑒𝑐𝑎𝑙𝑙 =  ்௉்௉ ା ிே  (4)

where FN is false negatives. 

2.7.3. F1-Score 

The harmonic mean of precision and recall yields a single statistic that balances both. 𝐹1 𝑆𝑐𝑜𝑟𝑒 =  ଶ × (௉௥௘௖௜௦௜௢௡ × ோ௘௖௔௟௟)௉௥௘௖௜௦௜௢௡ ା ோ௘௖௔௟௟   (5)

2.7.4. Miss Rate 

Miss rate represents the proportion of actual fruit instances that were not detected by 
the model. 𝑀𝑖𝑠𝑠 𝑅𝑎𝑡𝑒 =  1 −  𝑅𝑒𝑐𝑎𝑙𝑙 (6)

2.7.5. Missed-Fruit Rate 

Missed-fruit rate quantifies the percentage of fruit instances that were missed during 
detection. 𝑀𝑖𝑠𝑠𝑒𝑑 𝐹𝑟𝑢𝑖𝑡 𝑅𝑎𝑡𝑒 (%) =  ிே(்௉ ା ிே) × 100  (7)

2.7.6. Mean Absolute Error (MAE) 

To evaluate the counting capability of the proposed framework, Mean Absolute Error 
(MAE) was computed between the predicted fruit count and the ground-truth fruit count. 𝑀𝐴𝐸 =  ଵ(ே) × ∑ | 𝑃𝑖 − 𝐺𝑖 |ே௜ୀଵ   (8)

where Pi is the predicted fruit count, Gi is the ground-truth fruit count, and N is the total 
number of test images. 

2.7.7. Root Mean Square Error (RMSE) 

RMSE was used to assess counting accuracy while giving greater weight to larger 
counting errors. 𝑅𝑀𝑆𝐸 =  ටଵே  ×  ∑ (𝑃𝑖 − 𝐺𝑖)ଶேூ   (9)

These metrics collectively provide a comprehensive assessment of the detection and 
counting capabilities of the proposed lightweight-embedded vision framework. Precision, 
recall, F1-score, and miss rate characterize detection performance, whereas MAE and 
RMSE evaluate the counting capability enabled by the centroid-based localization mech-
anism of the FOMO architecture. 

The confusion matrix reported by the FOMO evaluation framework differs from that 
of conventional image-classification systems. FOMO performs object localization through 
heatmap-based centroid prediction, where the input image is internally represented as a 
grid of localization cells. Consequently, confusion-matrix statistics are derived from cen-
troid-matching and grid-level localization outcomes rather than image-level classification 
decisions. Because background cells substantially outnumber object cells, background 
true-negative values are typically very large and should be interpreted with caution. 
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Therefore, precision, recall, F1-score, missed-fruit rate, and counting-performance metrics 
were considered the primary indicators of model performance. 

The model generated a 32 × 32 output heatmap from 256 × 256 input images, corre-
sponding to an effective spatial resolution of 8 × 8 pixels per heatmap cell. Each heatmap 
cell therefore represented a localized region of the original image and functioned as an 
independent classifier. Performance metrics were computed using the heatmap-based 
evaluation framework, where object presence and localization were evaluated on the out-
put feature map rather than through IoU-based overlap measurements. Consequently, the 
reported mAP values represent heatmap/centroid-localization performance and are not 
directly comparable to IoU-based mAP values reported for bounding-box detectors. 

2.8. Independent Test Dataset Evaluation 

To obtain an unbiased estimate of model generalization performance, an independ-
ent testing dataset was maintained separately from the training and validation processes. 
The testing dataset was not used during model training, hyperparameter selection, or 
model optimization. Following completion of training, the final Float32 and INT8 models 
were evaluated using the held-out testing dataset provided through the Edge Impulse 
evaluation framework. Performance metrics including precision, recall, F1-score, confu-
sion matrix, and detection accuracy were computed using this unseen dataset. 

3. Result and Discussion 
3.1. Training Convergence and Performance Progression of the FOMO Brinjal Detection Model 

The potential of the proposed FOMO-based brinjal detection model was first ana-
lyzed by examining the learning behaviour throughout the training process. The model 
training was carried out using the dataset containing 4500 brinjal images captured under 
natural field conditions, incorporating variations in illumination, occlusion, and back-
ground complexity. Training was conducted using the hyperparameters described in Ta-
ble 2. Figure 6 presents the training dynamics of the proposed model across 100 epochs, 
including training loss, precision, recall, F1-score, and centroid-localization performance 
indicators generated by the FOMO framework. The training loss decreased sharply from 
an initial value of approximately 2.0, stabilizing below 0.20 after epoch 40, indicating ef-
fective gradient descent and model convergence without evidence of divergence or oscil-
latory behaviour. Precision and recall exhibited monotonic improvement throughout 
training, with recall reaching approximately 0.92 and precision stabilizing at approxi-
mately 0.83 by epoch 100. The F1-score improved from 0.55 at epoch 0 to 0.87 at epoch 100, 
reflecting consistent improvement in the balance between detection sensitivity and speci-
ficity. The centroid-localization performance indicator (mAP) generated by the Edge Im-
pulse evaluation framework increased progressively during training and reached approx-
imately 0.30 at epoch 100. The reduced rate of improvement beyond epoch 50 suggests 
that additional training yielded diminishing performance gains, indicating near-conver-
gence of the model under the selected dataset and network configuration. 

Figure 7 compares the F1-scores of Float32 model checkpoints obtained after 25, 50, 
and 100 training epochs with the corresponding INT8 models generated through post-
training quantization (PTQ). For each training checkpoint, the Float32 model was first 
trained to convergence for the specified number of epochs and subsequently converted 
into an INT8 representation using PTQ. The resulting INT8 performance therefore reflects 
the effect of quantization on the corresponding Float32 checkpoint rather than direct INT8 
training. This comparison was performed to evaluate the evolution of quantization ro-
bustness during network convergence rather than to represent the standard PTQ deploy-
ment procedure, which is typically applied only after completion of model training. The 
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Float32 model exhibits consistent and substantial improvement across all checkpoints, 
progressing from a training F1-score of 0.821 at epoch 25 to 0.865 at epoch 50, reaching 
0.892 at epoch 100—an absolute gain of 0.071. The INT8 variant follows a comparable tra-
jectory (0.794 → 0.822 → 0.863), achieving a total gain of 0.069. The absence of a perfor-
mance plateau between epochs 50 and 100—Float32: +0.027, INT8: +0.041—confirms that 
neither format reaches saturation within the training budget, and that a full 100-epoch run 
is necessary to realize peak performance. 

 

Figure 6. Training dynamics illustrating the evolution of training loss, precision, recall, F1-score, 
and centroid-localization performance indicators (mAP) during the 100-epoch training process. 

 

Figure 7. Effect of post-training quantization at different stages of model convergence. 

The inter-format training F1 gap is smallest at epoch 25 (Δ = 0.027), widens to its 
maximum at epoch 50 (Δ = 0.043), and narrows to 0.029 at epoch 100. This pattern indicates 
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that the INT8 model is most sensitive to quantisation-induced precision loss during the 
mid-training phase and partially recovers as weight distributions stabilize in later epochs. 

The localization metric reported by framework requires careful interpretation before 
comparison with published object detection benchmarks. Conventional mAP calculations 
are based on Intersection-over-Union (IoU) overlap between predicted and ground-truth 
bounding boxes. In contrast, FOMO performs object localization through heatmap pre-
diction based on object centroids and does not directly regress bounding-box coordinates. 
The deployed model generated a 32 × 32 output heatmap from 256 × 256 input images, 
corresponding to an effective spatial resolution of 8 × 8 pixels per heatmap cell. Each 
heatmap cell functions as an independent classifier, and localization performance is eval-
uated on the output heatmap representation rather than through IoU-based bounding-
box overlap. Consequently, the localization metric reported during training reflects 
heatmap-based centroid-localization performance rather than conventional IoU-based lo-
calization accuracy. The progressive increase of this metric during training therefore indi-
cates improved localization of brinjal fruit instances on the output feature map. Direct 
numerical comparison with YOLO, Faster R-CNN, Mask R-CNN, or other bounding-box 
detectors is therefore inappropriate. For FOMO-based systems, precision, recall, F1-score, 
counting accuracy, missed-fruit rate, and counting-error metrics provide a more mean-
ingful assessment of practical field performance. 

The validation F1-score of 0.869 (Float32) and the precision and recall values are the 
primary accuracy indicators for this model class, as they assess detection at the object in-
stance level without dependence on bounding box geometry. The relatively small perfor-
mance degradation observed after post-training quantization is noteworthy because Mo-
bileNet-based architectures employing depthwise-separable convolutions have fre-
quently been reported to exhibit increased sensitivity to INT8 quantization. Recent studies 
have shown that quantization-induced degradation in MobileNet architectures is strongly 
influenced by activation-range distributions, network depth, task complexity, and deploy-
ment configuration. While substantial performance degradation has been reported in 
large-scale benchmark datasets, lightweight edge-AI studies have also demonstrated that 
carefully optimized MobileNetV2-based models can retain competitive accuracy follow-
ing INT8 quantization while achieving substantial reductions in model size and compu-
tational requirements [49,50]. However, the present study exhibited only a minor reduc-
tion in validation F1-score (0.869 to 0.866), suggesting that the combination of a single-
class detection problem, centroid-based localization, and the MobileNetV2 inverted resid-
ual architecture contributed to quantization robustness under the investigated deploy-
ment conditions. A further plausible explanation is the quantization strategy adopted dur-
ing model conversion. Inspection of the exported TensorFlow Lite model confirmed that 
convolutional weights were represented using per-channel (per-axis) INT8 quantization, 
whereas the input, activation, and output tensors employed per-tensor quantization, con-
sistent with the TensorFlow Lite full-integer quantization framework. Per-channel quan-
tization allows each output channel to retain an independent dynamic range, thereby re-
ducing channel-wise quantization error accumulation that has been identified as a major 
source of performance degradation in MobileNet-based depthwise-separable convolu-
tional networks. Consequently, the combined effects of per-channel weight quantization, 
the relatively simple single-class centroid-prediction task, and the MobileNetV2 inverted 
residual architecture may have collectively contributed to the minimal loss in validation 
performance observed after post-training quantization. 

3.2. Validation Performance Across Epochs and Precision Formats 

The effect of training epochs on the outcomes of the stated detection FOMO model 
was evaluated using three different epoch settings: 25, 50, and 100 epochs. The validation 
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performance of both Float32 and INT8 model representations in terms of precision, recall, 
and F1-score is illustrated in Figure 8. At 25 epochs, the Float32 model achieved a preci-
sion of 0.843, recall of 0.888, and F1-score of 0.864, while the INT8 model achieved preci-
sion of 0.840, recall of 0.883, and F1-score of 0.861. Validation F1 exceeds training F1 for 
both formats, Float32: 0.864 (val) vs. 0.821 (train) and INT8: 0.861 (val) vs. 0.794 (train) 
such a pattern attributable to data augmentation applied during training, which sup-
presses training-phase scores in early epochs by artificially increasing input diversity. 

When the training duration was increased to 50 epochs, detection performance im-
proved further. The Float32 model obtained a precision of 0.826, recall of 0.907, and F1-
score of 0.865, while the INT8 model achieved a precision of 0.835, recall of 0.893, and F1-
score of 0.863. The highest performance was observed at 100 epochs, where the Float32 
model achieved a precision of 0.827, recall of 0.915, and F1-score of 0.869, whereas the 
INT8 model achieved a precision of 0.829, recall of 0.908, and F1-score of 0.866. By epoch 
100, the Float32 training F1 (0.892) marginally exceeds validation F1 (0.869), yielding a 
generalization gap of 0.023, indicating mild but well-controlled overfitting. The consist-
ently higher recall relative to precision across both formats (Float32: 0.915 vs. 0.827; INT8: 
0.908 vs. 0.829) reflects the recall-oriented operating profile of the FOMO heatmap detec-
tion head. INT8 quantisation introduced a validation F1 degradation of only 0.003 (0.3%) 
relative to Float32, confirming that the quantisation process preserves the model’s learned 
detection boundary with negligible accuracy loss. 

 

Figure 8. Comparative validation performance of the FOMO brinjal detection Float32 and INT8 
model performance across training epochs. 

These outcomes indicated that the increase in training epoch numbers allows the 
model to learn more discriminative features for detecting brinjal fruits under natural field 
conditions. A comparison between the Float32 and INT8 models shows that both config-
urations achieved comparable detection performance obtained across all epoch settings. 
Although the Float32 model exhibited slightly higher recall values, the INT8 model main-
tained similar precision and F1-score values, indicating that model quantization has min-
imal impact on detection accuracy. 

3.3. Precision–Recall Relationship Analysis 

Figure 9 illustrates the precision–recall trade-off obtained by varying the confidence 
threshold (0.4–0.7) of the FOMO detector. As expected, decreasing the confidence thresh-
old increased recall at the expense of precision, whereas higher thresholds reduced false 
detections but increased the likelihood of missed-fruit instances. For the Float32 model, 
precision varied from approximately 0.878 to 0.827 while recall increased from approxi-
mately 0.85 to 0.924. A similar trend was observed for the INT8 model, where precision 
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decreased from approximately 0.863 to 0.822 as recall increased from approximately 0.867 
to 0.923. Both model formats occupied nearly identical regions of the precision–recall 
space, corroborating the 0.3% validation F1 degradation reported in Section 3.2 and indi-
cating that post-training INT8 quantisation did not substantially alter the operating char-
acteristics of the detector. The small separation between corresponding Float32 and INT8 
operating points corroborates the negligible validation-performance degradation ob-
served after quantisation. 

The deployment configuration employed a confidence threshold of 0.50, which pro-
vided the best compromise between detection sensitivity and false-positive suppression 
under field conditions. At this operating point, the detector achieved high recall while 
maintaining acceptable precision, thereby minimizing missed mature fruits without in-
troducing excessive false detections. This threshold was therefore selected for OpenMV 
deployment and all subsequent field evaluations. 

 

Figure 9. Precision–recall relationship of Float32 and INT8 models of the proposed FOMO-based 
brinjal detector. 

3.4. Confusion Matrix Analysis 

The detection potential of the trained model was further examined using a normal-
ized confusion matrix, as shown in Figure 10. 

In FOMO, each heatmap cell acts as an independent classifier and is assigned either 
a target class or background class. Consequently, background cells substantially outnum-
ber fruit-containing cells, resulting in very large true-negative counts for the background 
category. Therefore, the near-unity background true-negative rate primarily reflects the 
dominance of background localization cells and should not be interpreted as a standalone 
indicator of detector performance. 

For brinjal fruit (Class 1), the model achieved a true positive rate of 0.85 and a false 
negative rate of 0.15, indicating that approximately 15% of fruit instances were missed 
during detection. More informative indicators of detection performance include precision, 
recall, F1-score, missed-fruit rate, and counting-performance metrics, which directly eval-
uate object-level localization outcomes. Figure 11 illustrates representative detection re-
sults showing successful localization of brinjal fruits under field conditions with minimal 
false detections in non-fruit regions. 
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Figure 10. Normalized confusion matrix representing the detection potential of the model. 

 

Figure 11. Detection output of the proposed FOMO model on purple brinjal plants under natural 
field conditions: (a) ground-truth bounding box annotations and (b) predicted centroid-based 
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detections, demonstrating the model’s ability to identify multiple brinjals including occluded and 
clustered instances. 

The missed-detection rate is primarily attributable to severe fruit-foliage overlap and 
dense fruit clustering under natural canopy conditions. Because FOMO performs locali-
zation through a low-resolution heatmap, i.e., 32 × 32 heatmap grid (8 × 8-pixel resolution 
per cell), neighbouring fruits occupying adjacent heatmap cells may generate merged ac-
tivation regions. With the selected image-to-heatmap scaling factor, the resulting localiza-
tion grid provides limited spatial granularity for separating closely spaced fruit instances. 
This limitation becomes more pronounced under dense canopy conditions where fruit 
visibility is reduced. The FOMO architecture relies on centroid prediction rather than 
bounding-box regression, and overlapping centroids may become difficult to separate 
when multiple objects occupy neighbouring localization cells. Previous studies on FOMO 
have similarly reported reduced performance when objects are closely spaced or when 
centroid overlap occurs, suggesting that heatmap resolution is a critical factor governing 
localization performance with the known limitations of stride-8 detection heads for oc-
cluded targets [51]. Increasing the heatmap resolution or using larger input images can 
improve object separation and partially mitigate this limitation. 

An additional factor contributing to missed detections is the image-resolution trade-
off inherent to embedded deployment. All images were resized to 256 × 256 pixels before 
training and inference to satisfy the computational and memory constraints of the 
OpenMV Cam H7 platform. While this resolution enabled efficient real-time execution, 
small fruits occupying only a limited number of pixels may lose discriminative spatial 
information after resizing. Furthermore, FOMO performs localization through a lower-
resolution heatmap representation rather than pixel-level object boundaries. Conse-
quently, small, distant, or heavily occluded fruits may be represented by only a few 
heatmap activations, increasing the probability of missed detections. Edge Impulse docu-
mentation similarly notes that increasing image resolution or heatmap resolution can im-
prove localization performance for small or closely spaced objects, albeit at the cost of 
increased computational requirements. 

3.5. Inference Performance and Memory Footprint 

Table 3 presents deployment metrics for both model formats measured on OpenMV 
Cam H7. The Float32 model requires 0.30 MB of storage and 887.2 KB of RAM, achieving 
65.3 ms inference (15.3 FPS). The INT8 model reduces storage to 0.11 MB (2.73 times re-
duction), RAM to 239.4 KB (3.7 times reduction), and inference time to 24.8 ms, yielding 
40.3 FPS, a speedup of 2.63 times over Float32. The deployment validation F1 cost of quan-
tisation is 0.02 (2.25%). 

Table 3. Measured deployment metrics for Float32 and INT8 FOMO variants on OpenMV Cam H7. 

Metric Float32 INT8 (Quantised) Improvement 
Model Size (MB) ~0.30 ~0.11 Reduced 2.73 times 
RAM Usage (KB) 887.2 239.4 Reduced 3.70 times 

Inference Time (ms) 65.3 24.8 Reduced 2.63 times 
Throughput (FPS) 15.3 40.3 Improved 2.63 times 

Precision 0.80 0.81 +0.01 
Recall 0.91 0.88 −0.03 

F1-Score (Val.) 0.83 0.81 −0.02 

The 2% F1 degradation is substantially in range of 1% to 5% drop typically reported 
for convolutional detection models in the quantisation literature [52], attributable to the 
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compact weight space of the depthwise-separable convolution backbone, which is partic-
ularly amenable to 8-bit approximation. The precision–recall scatter plot (Figure 9) cor-
roborates this, with Float32 and INT8 occupying near-identical positions across the full 
recall range. 

In addition to the quantitative deployment metrics presented in Table 3, the proposed 
detector was evaluated under continuous live-video operation using the OpenMV Cam 
H7 in a natural brinjal field environment. The embedded system successfully processed 
real-time image streams and maintained processing rates of approximately 33 FPS during 
field operation. Representative deployment screenshots are presented in Figure 12, 
demonstrating successful fruit localization under natural canopy conditions. No execu-
tion interruptions or memory-overflow events were observed during the deployment tri-
als, confirming the compatibility of the proposed framework with the hardware con-
straints of the OpenMV platform. 

 

Figure 12. Real-time field deployment of the proposed FOMO detector on OpenMV Cam H7. 

Although the deployment experiments demonstrated successful real-time execution 
under field conditions, several deployment-oriented characteristics were beyond the 
scope of the present study. Specifically, dedicated measurements of camera-to-decision 
latency, power consumption, thermal behaviour, and long-duration operational stability 
were not performed. Future work will focus on comprehensive hardware characterization 
and extended field testing to further assess the suitability of the proposed framework for 
autonomous agricultural applications. 

3.6. Independent Test Set Performance 

The final models were evaluated using an independent testing dataset that remained 
unseen during training and validation. The Float32 implementation achieved a precision 
of 0.85, recall of 0.88, and F1-score of 0.87. Similarly, the INT8 implementation achieved a 
precision of 0.86, recall of 0.87, and F1-score of 0.87. The close agreement between valida-
tion and testing performance indicates that the model generalizes well to previously un-
seen samples and that post-training quantization did not adversely affect detection 
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capability. Furthermore, real-time deployment experiments conducted on the OpenMV-
embedded vision platform under natural field conditions confirmed the practical applica-
bility of the proposed framework for embedded agricultural sensing applications. 

The use of an independent testing dataset is important for assessing the generaliza-
tion capability of machine-learning models because validation data may indirectly influ-
ence model development through hyperparameter tuning and training decisions. The 
consistent performance observed across validation, testing, and real-time deployment ex-
periments suggests that the proposed framework did not suffer from substantial overfit-
ting and is capable of maintaining reliable detection performance on previously unseen 
field images. 

3.7. Fruit Counting and Missed-Fruit Analysis 

In addition to detection performance, the fruit-counting capability of the proposed 
FOMO framework was evaluated using 43 independent test images. Because each activa-
tion cluster within the generated heatmap corresponds to a detected fruit instance, the 
framework inherently supports simultaneous localization and counting as presented in 
Figure 13. The counting analysis yielded a Mean Absolute Error (MAE) of 1.65 fruits per 
image and a Root Mean Square Error (RMSE) of 2.16 fruits per image as presented in Table 
4. Counting errors increased primarily in densely clustered fruit scenes and under severe 
foliage occlusion, where neighbouring fruits occasionally generated merged activation re-
gions within the heatmap. Such behaviour is a known limitation of centroid-based locali-
zation approaches when multiple objects occupy adjacent heatmap cells. 

 

Figure 13. Illustration of the FOMO-based fruit localization and counting process. The original im-
age is transformed into a probability heatmap followed by binary thresholding and centroid extrac-
tion. Each connected activation region corresponds to an individual fruit instance. In the illustrated 
example, two brinjal fruits were successfully localized and counted. FOMO performs object locali-
zation and counting through centroid prediction rather than conventional bounding-box regression. 

Table 4. Quantitative evaluation of fruit-counting performance and missed-fruit detection charac-
teristics of the proposed FOMO model using independent test images under natural field conditions. 

Metric Value 
Test Images 43 
MAE (fruits/image) 1.65 
RMSE (fruits/image) 2.16 
Float32 Missed-Fruit Rate (%) 7.64 
INT8 Missed-Fruit Rate (%) 7.74 

The counting analysis demonstrated that the proposed FOMO framework can sim-
ultaneously localize and enumerate brinjal fruits through centroid prediction. However, 
counting performance decreased in densely clustered fruit scenes where neighbouring 
fruits occasionally produced overlapping activation regions. This limitation is inherent to 
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centroid-based localization frameworks and has been previously reported for FOMO sys-
tems. Increasing input image resolution or heatmap resolution may further improve ob-
ject separation and counting performance in future studies. 

Occlusion remains one of the principal challenges for machine-vision-based harvest-
ing systems operating in natural crop canopies. In the present study, missed detections 
were predominantly associated with partial or severe fruit occlusion by leaves, stems, and 
neighbouring fruits. Such behaviour is not unique to the proposed framework and has 
been widely recognized as a fundamental challenge in object detection systems operating 
under field conditions. Heatmap-based localization architectures such as FOMO are par-
ticularly sensitive to overlapping object centroids because localization is performed 
through spatial activation maps rather than explicit object-boundary estimation. Never-
theless, the proposed framework maintained high precision and low false-positive rates 
under field conditions while achieving real-time performance on highly resource-con-
strained embedded hardware. Future work will focus on improving occlusion robustness 
through higher-resolution heatmaps, multi-view image acquisition, temporal information 
fusion, and RGB-D sensing approaches that can exploit depth cues to distinguish partially 
hidden fruit instances. 

3.8. Suitability for Field Deployment 

At 40.3 FPS and 239.4 KB RAM, the INT8 model is directly deployable on microcon-
troller-class platforms widely used in precision agriculture (e.g., Arduino Nicla Vision, 
STM32-based vision modules) without companion processing hardware, providing sub-
stantial headroom for preprocessing, wireless transmission, and pipeline latency. The pri-
mary field limitation is sensitivity to severe occlusion. In densely planted rows where ad-
jacent fruit clusters overlap at the scale of the 32 × 32 heatmap grid, multiple fruit may be 
resolved as a single centroid activation, causing systematic under-counting in high-den-
sity configurations. Future work should investigate higher-resolution FOMO variants 
(e.g., 320 × 320 or 416 × 416 input) or attention-augmented backbone modifications to im-
prove spatial resolution without exceeding the memory and latency constraints of the tar-
get-embedded platform. 

The significance of the present work lies in demonstrating the feasibility of agricul-
tural object detection on microcontroller-class hardware. Unlike conventional detectors 
that are typically deployed on GPU-equipped edge computers, the proposed framework 
was successfully deployed on an OpenMV-embedded vision platform. Deployment pro-
filing showed that INT8 quantization reduced peak RAM requirements from 887.2 KB to 
235.6 KB while maintaining comparable detection performance. 

The observed reductions in memory utilization and inference latency can be at-
tributed not only to parameter quantization but also to the optimized inference stack pro-
vided by TensorFlow Lite Micro and ARM CMSIS-NN. CMSIS-NN provides highly opti-
mized fixed-point neural network kernels for Cortex-M processors, enabling efficient ex-
ecution of quantized convolutional and depthwise convolutional operations while mini-
mizing memory overhead. Although the deployment framework incorporates Tensor-
Flow Lite Micro and ARM CMSIS-NN acceleration libraries, low-level implementation 
details such as quantization granularity (per-tensor versus per-channel quantization), ker-
nel selection, and processor-specific SIMD utilization are internally managed by the de-
ployment toolchain and were not independently controlled within the scope of the pre-
sent study. Future work will investigate these hardware-level optimization mechanisms 
in greater detail to further characterize their contribution to inference efficiency. 

Such characteristics are particularly important for agricultural sensing systems oper-
ating under strict power, memory, and cost constraints. FOMO was specifically designed 
for these deployment scenarios and can operate using substantially lower computational 
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resources than conventional object detection architectures [26]. A limitation of the present 
study is that detection performance decreases under severe fruit–foliage occlusion and 
dense fruit clustering, which may result in missed detections. Although this limitation is 
inherent to centroid-based heatmap localization approaches, future integration of higher-
resolution localization maps and depth-assisted sensing is expected to improve robust-
ness in complex canopy environments. 

The selection of a 256 × 256 input resolution reflects a deliberate trade-off between 
localization fidelity and computational efficiency. Higher image resolutions can preserve 
additional spatial detail and improve the detection of small or partially occluded fruits; 
however, they also increase memory consumption and inference latency, potentially com-
promising deployment feasibility on microcontroller-class hardware. The proposed con-
figuration was therefore optimized for real-time-embedded operation, although future 
work will investigate higher-resolution FOMO configurations and alternative lightweight 
architectures to further improve robustness under severe occlusion and small-object con-
ditions. 

The selection of the proposed FOMO architecture was primarily governed by the 
hardware constraints of the OpenMV Cam H7 platform based on the STM32H743 micro-
controller, which provides 2 MB Flash memory and 1 MB SRAM for the complete-embed-
ded application, including the TensorFlow Lite Micro inference engine, tensor arena, im-
age buffers, firmware, and neural network parameters. Embedded deep learning deploy-
ment on microcontrollers is fundamentally constrained by limited memory, computa-
tional capability, and power availability, requiring model architectures to be selected ac-
cording to hardware resources rather than detection accuracy alone, while lightweight 
inference frameworks such as TensorFlow Lite Micro are specifically designed to address 
these constraints [25]. Recent benchmarking studies have further demonstrated that de-
ploying modern YOLO-based object detectors on MCU-class platforms remains challeng-
ing because model selection must simultaneously satisfy stringent constraints on Flash 
memory, SRAM utilization, inference latency, and detection accuracy. In particular, the 
MCUBench benchmark evaluated more than 100 YOLO-based object detection models 
across seven microcontroller platforms, highlighting that even highly optimized YOLO 
architectures require careful architecture scaling and memory optimization to satisfy 
MCU resource limitations [53,54]. Likewise, TinyissimoYOLO, specifically developed for 
ultra-low-power microcontrollers, employs approximately 422 k trainable parameters, re-
quires less than 0.5 MB memory for INT8 weights, and achieves deployment feasibility 
through quantization-aware training and dedicated network optimization [55]. Similarly, 
microYOLO demonstrated that YOLO-based object detection on Cortex-M microcontrol-
lers is feasible only after substantial architectural simplification, requiring less than 800 
KB Flash, less than 350 KB RAM, and achieving approximately 3.5 FPS during inference 
[56]. In comparison, the proposed INT8 FOMO model occupied only 0.11 MB of Flash 
storage with a runtime memory requirement of 239.4 KB, leaving sufficient on-chip 
memory for image acquisition, TensorFlow Lite Micro inference, and application logic 
while maintaining satisfactory field detection performance. Therefore, the selection of the 
FOMO architecture in the present study was primarily motivated by its compatibility with 
the stringent memory and computational constraints of the STM32H743 microcontroller 
rather than by claims of superior detection accuracy over alternative lightweight object 
detection architectures. 

3.9. Positioning of the Present Work Relative to Existing Literature 

To better position the contribution of the present work relative to existing literature, 
Table 5 compares representative agricultural object detection and TinyML deployment 
studies. Unlike most agricultural detection studies that primarily emphasize detection 
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accuracy using computationally intensive architectures, the present work focuses on de-
ployment feasibility, memory utilization, inference latency, quantization effects, and field 
validation on microcontroller-class hardware. The comparison highlights that the contri-
bution of this study lies in deployment-oriented evaluation and embedded implementa-
tion rather than the development of a new detection architecture. 

Table 5. Positioning of the present study relative to representative agricultural object detection stud-
ies, TinyML object detection research, and embedded deployment frameworks. 

Study Domain 
Detection 
Framework 

Embedded 
Deployment Quantization 

Hardware 
Validation Main Focus 

Badgujar et al. 
(2024) [57] 

Agricultural 
object detection 
review 

YOLO family 
Not primary 
focus 

Not primary fo-
cus 

Not primary 
focus 

Comprehensive re-
view of YOLO ap-
plications in agricul-
ture. 

Khan et al. (2025) 
[58] 

Agricultural 
object detection 
review 

Multiple archi-
tectures (YOLO, 
Faster R-CNN, 
SSD, etc.) 

Limited dis-
cussion 

Limited discus-
sion 

Not primary 
focus 

Comprehensive re-
view of object detec-
tion in precision ag-
riculture. 

Moosmann et al. 
(2024) [59] 

TinyML object 
detection 

TinyissimoYOLO Yes QAT + INT8 Multiple mi-
crocontrollers 

Ultra-lightweight 
quantized object de-
tector for microcon-
trollers. 

Deutel et al. (2024) 
[60] 

TinyML object 
detection microYOLO Yes Lightweight 

optimization 
OpenMV H7-
class MCU 

Feasibility of 
YOLO-based object 
detection on micro-
controllers. 

Edge Impulse 
FOMO Documen-
tation (2024) [61] 

TinyML object 
detection FOMO Yes 

INT8 sup-
ported 

MCU deploy-
ment 

Centroid-based ob-
ject detection for 
highly constrained 
devices. 

Present Study 
Agricultural Ti-
nyML deploy-
ment 

FOMO + Mo-
bileNetV2 Yes 

Post-training 
INT8 quantiza-
tion 

OpenMV 
Cam H7 

Brinjal detection un-
der field conditions 
with systematic 
Float32–INT8 trade-
off analysis and real-
world deployment 
validation 

The novelty of the present study should be interpreted from a deployment-oriented 
perspective rather than an architectural perspective. The FOMO architecture and post-
training quantization techniques employed in this work are existing technologies within 
the TinyML ecosystem. However, recent reviews of agricultural object detection indicate 
that research is dominated by accuracy-oriented studies using computationally intensive 
architectures such as YOLO, Faster R-CNN, and SSD, whereas deployment on microcon-
troller-class hardware remains comparatively underexplored. Table 5 positions the pre-
sent work relative to representative agricultural object detection and TinyML deployment 
studies. Unlike conventional agricultural detection studies that primarily emphasize de-
tection accuracy, the present work focuses on practical deployment constraints including 
model size, memory utilization, inference latency, quantization effects, and field valida-
tion on the OpenMV Cam H7 platform. Furthermore, while recent TinyML object detec-
tion studies have investigated microcontroller deployment using architectures such as mi-
croYOLO and TinyissimoYOLO, agricultural applications of embedded object detection 
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remain relatively limited. Therefore, the contribution of the present study lies in demon-
strating the feasibility of deploying a lightweight brinjal detection framework on highly 
resource-constrained hardware and systematically quantifying the associated accuracy–
efficiency trade-offs under real field conditions. 

4. Conclusions 
To address the practical challenge of deploying accurate object detection on resource-

constrained-embedded hardware in agricultural environments, this study demonstrated 
the feasibility of adapting and deploying a FOMO-based TinyML lightweight deep learn-
ing object detection framework for real-time brinjal (Solanum melongena) detection under 
natural field conditions, built upon a truncated MobileNetV2 backbone adapted within 
the FOMO architecture. It can process 256 × 256 input images and produce spatially aware 
heatmap-based object predictions without bounding-box regression or non-maximum 
suppression. The proposed framework achieved a validation precision of 0.827, recall of 
0.915, and F1-score of 0.869, with a perfect background true-negative rate of 1.00, confirm-
ing that all produced detections correspond to actual fruit instances with no false activa-
tions on non-fruit canopy regions. Post-training INT8 quantisation reduced inference time 
from 65.3 ms to 24.8 msc (40.3 FPS), while reducing RAM usage from 887.2 KB to 239.4 KB 
and model storage from 0.30 MB to 0.11 MB, at a validation F1 cost of only 2.0%. These 
results collectively demonstrate that the proposed framework satisfies both the light-
weight and real-time objectives stated in this work, offering a deployment-ready solution 
for brinjal fruit monitoring on microcontroller-class-embedded platforms widely used in 
precision agriculture without requiring GPU-equipped field hardware. Although a 15% 
false negative rate under severe occlusion conditions and limited cross-variety generali-
zation remain open challenges, future work will address these through higher-resolution 
backbone variants, attention-augmented feature extraction, and expanded multi-variety, 
multi-season datasets to further strengthen the practical applicability of the framework. 
The proposed framework addresses the perception stage of robotic harvesting by provid-
ing lightweight fruit localization on embedded hardware. However, additional modules 
including 3D localization, maturity assessment, grasp planning, obstacle avoidance, and 
end-effector validation are required for complete autonomous harvesting. Forthcoming 
research will investigate higher-resolution FOMO backbone variants, attention-aug-
mented feature extraction mechanisms to improve occlusion handling, and expanded 
multi-variety, multi-season datasets to strengthen the generalisability of the proposed 
framework. Integration of the framework with autonomous harvesting platforms and de-
ployment evaluation under fully uncontrolled field conditions will constitute the primary 
direction for applied validation. 
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Nomenclatures/Abbreviations 

Symbol Description Symbol Description 
X Floating-point value qmax Maximum integer limit 
Xq Quantized integer value qmin Minimum integer limit 
S Scale factor used in quantization TP True Positive 
Z Zero-point in quantization FP False Positive 
Xmax Maximum floating-point value FN False Negative 
Xmin Minimum floating-point value AP Average Precision 
N Number of classes mAP Mean Average Precision 
Abbreviation Full Form Abbreviation Full Form 
FOMO Faster Objects, More Objects FPS Frames Per Second 
CNN Convolutional Neural Network GPU Graphics Processing Unit 
YOLO You Only Look Once CPU Central Processing Unit 

Mask R-CNN 
Mask Region-based Convolutional Neural Net-
work 

VRAM Video Random Access Memory 

Faster R-CNN 
Faster Region-based Convolutional Neural Net-
work 

RGB Red, Green, Blue 

MobileNetV2 
Lightweight Convolutional Neural Network Ar-
chitecture 

CLAHE 
Contrast Limited Adaptive Histogram 
Equalization 

SSD Single Shot Detector IoT Internet of Things 
AI Artificial Intelligence BHDS Brinjal Harvesting Decision System 
INT8 8-bit Integer Representation ReLU Rectified Linear Unit 
Float32 32-bit Floating-Point Representation Conv2D 2-Dimensional Convolution Layer 
RAM Random Access Memory KB Kilobyte 
ms Milli-seconds MB Megabyte 
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