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Abstract

Typical fertilizer applicators are often restricted in performance due to non-uniformity in
distribution, required labor and time intensiveness, high discharge rate, chemical input
wastage, and fostering weed proliferation. To address this gap in production agriculture,
an automated variable-rate fertilizer applicator was developed for the cotton crop that is
based on deep learning-initiated electronic control unit (ECU). The applicator comprises
(a) plant recognition unit (PRU) to capture and predict presence (or absence) of cotton
plants using the YOLOvV7 recognition model deployed on-board Raspberry Pi micropro-
cessor (Wale, UK), and relay decision to a microcontroller; (b) an ECU to control stepper
motor of fertilizer metering unit as per received cotton-detection signal from the PRU; and
(c) fertilizer metering unit that delivers precisely metered granular fertilizer to the targeted
cotton plant when corresponding stepper motor is triggered by the microcontroller. The
trials were conducted in the laboratory on a custom testbed using artificial cotton plants,
with the camera positioned 0.21 m ahead of the discharge tube and 16 cm above the plants.
The system was evaluated at forward speeds ranging from 0.2 to 1.0 km/h under lighting
levels of 3000, 5000, and 7000 lux to simulate varying illumination conditions in the field.
Precision, recall, F1-score, and mAP of the plant recognition model were determined as
1.00 at 0.669 confidence, 0.97 at 0.000 confidence, 0.87 at 0.151 confidence, and 0.906 at
0.5 confidence, respectively. The mean absolute percent error (MAPE) of 6.15% and 9.1%,
and mean absolute deviation (MAD) of 0.81 g/plant and 1.20 g/plant, on application of
urea and Diammonium Phosphate (DAP), were observed, respectively. The statistical
analysis showed no significant effect of the forward speed of the conveying system on
fertilizer application rate (p > 0.05), thereby offering a uniform application throughout,
independent of the forward speed. The developed fertilizer applicator enhances precision
in site-specific applications, minimizes fertilizer wastage, and reduces labor requirements.
Eventually, this fertilizer applicator placed the fertilizer near targeted plants as per the
recommended dosage.

Keywords: automated site-specific fertilizer application; cotton crop; crop detection with
deep learning; electronic control unit; precision agriculture

1. Introduction

Cotton is one of the most significant cash crops that influences the textile and agricul-
tural industries [1]. India cultivates approximately 12.15 million ha for cotton, constituting
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36% of the global cotton cultivation. In 2021-2022, India recorded 31.37 million bales of
cotton with an average cotton yield of 445 kg/ha, which is about half of the worldwide
average of 812 kg/ha [2]. As a result, the farmers earn a meager income per unit area.
Cotton production is influenced by several factors, including precipitation, weeding and
spraying, fertilizer application, and irrigation among others [3-5]. Fertilization is one of
the most crucial and efficient approaches for improving soil abilities and boosting crop
yields [6,7]. Fertilizer should be applied to the crop at the desired rate, as it is a costly input
and adversely affects the environment and soil, if overused [8,9].

Conventionally, broadcasting and placement methods have been the two commonly
employed methods to apply microgranular fertilizers. In the broadcasting method, fertil-
izer is spread over an entire field. This causes operational difficulties by fostering weed
growth, inefficiency in fertilizer usage, and an uneven distribution of fertilizer over the
field [10,11]. Over the past few years, several new designs of fertilizer applicators have
been introduced with a specific emphasis on managing granular fertilizers. A spreader
distributes fertilizer [12] in a small area; however, maintaining consistency and distribution
over the entire field is challenging. Several researchers have reported similar constraints
with spreader-type fertilizer applicators [13,14]. Chandel et al. [15] developed a map-based
granular fertilizer application system that continuously delivered fertilizer during sowing,
thereby resulting in potential input losses and weed germinations ahead of crop initiation.

Several electronically controlled fertilizer mechanisms [16,17] have also been devel-
oped to apply micro granular fertilizer during sowing. Fertilizer rates in such systems are
adjusted by changing the exposure length of the metering unit. Qian et al. [18] developed a
broadcasting method-based applicator to handle solid fertilizer. However, this applicator
suffered challenges of dispensing more fertilizer per unit area, leading to weed growth
due to spread of the fertilizer over an entire field and difficulties in maintaining uniformity.
Yanan et al. [19] developed a drill-type fertilizer applicator for site-specific dispensation.
However, the applicator needs to be paused near each plant during application that posed
operational challenge and time extensiveness.

Artificial intelligence (AI) has emerged as a prominent component of precision agri-
culture, including variable-rate automated application technologies. Farooque et al. [20]
developed a variable-rate fertilizer applicator using Al for liquid spraying. The study
deployed the YOLOv3 deep learning model that provided high precision (0.87), mAP
(76.4%), and recall (0.75) in detecting weeds, unhealthy plants, and healthy plants. The
outcomes showed that developed algorithms reduced spray inputs by 47% and 51% for
weed eradication and treating infected plants, respectively, however, at low detection speed.
Similarly, [21-23] developed a dose-control system for weed detection and precise spray-
ing based on machine vision and demonstrated potential to save agrochemical spraying
inputs by 50%. Additional studies have used Al techniques for variable-rate fertilizer,
pesticides, and herbicide applications [24-26]. Researchers who investigated different
fertilizer application methods demonstrated that precision in fertilizer placement can maxi-
mize yield and quality of crops produced, reduce wastage, and enhance input utilization
efficiencies [27-29]. Application of Al and machine vision can realize this potential.

Based on the above-mentioned review, it is evident that integrated electronic-control
and machine vision techniques, as applied in spreader and liquid spraying technologies,
can also be used for granular fertilizer applications using plant recognition approach in
conjunction with the fertilizer placement techniques. Most fertilizer applicators employ
broadcasting methods, which often results in uneven distribution, enhanced weed emer-
gence, and labor intensiveness. In contrast, placement-type applicators dispense fertilizer
after pausing near each plant. Therefore, this study is an attempt to improve placement-
method of granular fertilizer application for cotton crops using Al and electronic-control
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techniques with key objectives to (a) develop an Al-based plant recognition unit (PRU)
for identifying cotton crop plant; (b) develop an electronic control unit (ECU) for con-
trolling proportional release of fertilizer from metering unit; and (c) development of first
mechatronic prototype and its evaluation for fertilizer application in cotton crops.

2. Materials and Methods

The system was tested on a custom testbed using artificial cotton plants in the labora-
tory of controlled light conditions. The camera was fixed 0.21 m in front of the discharge
tube and 16 cm above the plant canopy, and the applicator was connected to an electron-
ically controlled fertilizer metering unit. The trials were carried out at forward speeds
between 0.2 and 1.0 km/h. The laboratory had no windows and had five LED lights on
the ceiling. Additional voltage-regulated LED light source was placed 15 cm above the
camera to vary illumination over/around the plants for imaging. Lux measurements were
conducted, and LED illuminations were adjusted for the levels of 3000, 5000, and 7000 lux
to study the system performance. The LEDs were placed 15 cm above the camera. The
cotton fertilizer applicator prototype integrated a PRU, an ECU, a fertilizer metering unit,
and a crop conveying unit for evaluations. The developed prototype was evaluated for per-
formance over a testbed. Methods pertaining to prototype components, their development,
and performance evaluation have been detailed in the following sections.

2.1. Plant Recognition Unit

A plant recognition unit (PRU) was developed for cotton plant detection in real-time.
This unit integrates a webcam (8MP, HP, Pune, India) and a microprocessor (Raspberry
Pi®) deploying an Al model for plant recognition. The model identifies the presence or
absence of cotton plants and converts this information into a Boolean signal (1 for presence
detected, 0 for otherwise). This signal is then transmitted by the microprocessor to the ECU
to control the fertilizer metering unit. In the present study, fertilizer application is triggered
only based on plant identification, with a fixed dose delivered once the presence of a plant
is detected.

2.1.1. The AI-Computer Vision Model for Plant Recognition

A convolutional neural network (CNN)-based YOLOvV7 object detection model was
formulated for plant recognition on the go [30,31]. This model was selected for its accuracy
and computational efficiency that are desired for resource-constrained edge-computing
devices. To train the model (Figure 1), 500 images of cotton plants under diverse lighting
conditions were collected using the selected webcam (8MP camera; HP, India). The dataset
was collected from cotton fields in Khandwa district, Madhya Pradesh, India under natural
field conditions. The image dataset was randomly divided into three sets, 400 for training,
50 for testing, and 50 for validation. Within all images, complete cotton plants were

® annotation tool (version:

manually labeled using the bounding-box (BBox) in Makesense
1.11.0-alpha, Bengaluru, India) that provides the coordinates or locations for each object
within the image (Figure 2). All annotations were stored in the text file. The model structure
is illustrated in Figure 3 and is based on ELAN (Efficient Layer Aggregation Network).
The formulated model was fine-tuned for hyperparameters to obtain the best-fit and

optimized model.
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Figure 2. Annotation of acquired sample images of cotton crop field using labeling tool Makesense®.
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Figure 3. Network structure of the YOLOvV7 object detection model used for cotton crop plant
recognition in this study. (CBS-Convolutional + Batch Normalization + SiLU; ELAN-Efficient Layer
Aggregation Network; Conv—Conventional; REP-Reparameterization; Con—concatenation).
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2.1.2. Performance Evaluation of the Plant Recognition Model

The model’s effectiveness for detecting target cotton plants was evaluated using
metrics of Accuracy, Precision, Recall, F1-score, and Mean Average Precision (mAP). Here,
accuracy determines model’s performance across all classes and is calculated as the ratio
of correct model predictions to the total number of predictions (Equation (1)). Precision
outlines the number of true positive predictions out of all the positive predictions (Equation
(2)). Recall quantifies the actual positives in the dataset that were correctly predicted as
positives by the model (Equation (3)), and F1l-score measures effectiveness of the model
to optimally trade-off with confidence between Precision and Recall values. The mAP
calculates a score by comparing the detected box to the ground truth bounding box. The
model’s detections are more precise at higher scores and shown by the area under a
precision-recall curve. “mAP 0.5” refers to the mean Average Precision (mAP) at a threshold
of 0.5 for intersection over the union (IoU). “mAP_0.5:0.95” is a mAP over various loU
thresholds, ranging from 0.5 to 0.95.

Accuracy = (TP + TN)/(TP + TN + FP + FN) (1)
Precision = TP/(TP + FP) (2)

Recall = TP/(TP + EN) (3)

Fl-score =2 x Recall x Precision/(Recall + Precision) 4)

where TP is true positives that indicate instances when the model correctly identified the
objects in the images, TN is true negatives that indicate instances when the model did not
identify any object when it was not present, FP is false positives that represents instances
when the model incorrectly identified an object when it was not present, and FN is false
negatives that indicate instances when the model did not identify an object when it was
present. In this study, a TP is a “cotton plant” and a TN is a “no plant”.

2.1.3. Model Training

The YOLOV? object detection model was trained on a custom dataset of 2500 cotton plant
images collected from cotton fields. These images covered different growth stages of the crop
under various lighting conditions. The images were manually annotated with bounding boxes
around the whole plant using the “Labellmg, 1.7.0” tool and then divided into 70% portion for
training, 20% for validation, and 10% for testing. Plant recognition model was fine-tuned on
collected plant dataset, and the best fit hyperparameters identified for the optimized model were
batch size =16; input image size = 640 x 640; epoch = 100, learning rate = 0.01; iou_thres = 0.6;
momentum = 0.937; weight_delay =0.0005; warmp_epoch = 3.0; and Optimizer = Adam. These
parameters were identified based on performance evaluation metrics. The flow chart of the
dataset preparation, model training, and validation is shown in Figure 4. The optimized model
was validated and tested on respective datasets (Figure 5), following which the validated model
was deployed on Raspberry Pi single-board computer through Pycharm 2018.3.1 (JetBrains,
St. Petersburg, Russia) for plant recognition on the go (real time). Raspberry Pi connects to the
web camera through a USB cable to capture images within its field of view for plant recognition.
When a cotton plant is detected, the output signal is converted into a Boolean signal and
subsequently sent to the Arduino microcontroller of the ECU via PySerial 3.5.
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Figure 5. Performance of the plant recognition model demonstrated on sample images from test dataset.

2.2. Electronic Control Unit

An electronic control unit (ECU, Figure 6) was developed to control the stepper motor

of fertilizer metering mechanism, based on the outcomes of plant recognition model. This
unit consists of a microcontroller (Arduino UNO, 2KB SRAM, Smart Projects, Monza, Italy),
a motor driver (TB6600, Unimech Engineering, Mumbai, India), and a Hall effect sensor

(Saket Electronics, Pune, India) for forward speed measurement. Following the plant

recognition outcome, PySerial communication is initiated to enable transmission of signals

from Raspberry Pi microprocessor of the PRU to the Arduino UNO microcontroller. This

ensures coordinated motor control of the fertilizer metering mechanism to release fertilizer.
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Figure 6. Circuit box showing electronic control unit with (1) motor driver, (2) Arduino Uno micro-
controller, (3) Raspberry Pi microprocessor (from plant recognition unit), (4) camera connection port,
and (5) motor connector socket.

2.3. Fertilizer Metering Unit

The fertilizer metering unit consists of a fluted roller metering mechanism, hopper, fer-
tilizer tube, and shifting unit (Figure 7). The fluted-roller-type mechanism (36 mm diameter,
40 mm length) is deployed for achieving even and uniform fertilizer distribution [32,33]. A
stepper motor was used to regulate the fluted roller via metering shaft by adjusting the
rotational speed in sync with the forward speed. Stepper motor was controlled by the ECU
through motor driver, based on the signal received from PRU. Fertilizer dispensed from
the hopper is dispensed near the targeted plant owing to the metering unit’s rotation. The
duration of rotation of the fluted roller directly affects the fertilizer flow rate. To modify
this, the fertilizer metering shaft can be adjusted using a shifting lever.

Hopper

Pillow bearing ] 20. OO

L]

Shifting device 48000 Stepper motor

Fertilize metering unit

Figure 7. A fertilizer metering mechanism deployed in the automated site-specific fertilizer applicator
prototype (all dimensions are in mm).

2.4. Prototype Evaluation Testbed

The prototype of automated variable-rate fertilizer applicator was evaluated in-house on a
custom developed testbed (Figure 8). The testbed consists of a plant conveying unit that facilitates
movement of cotton plants along the frame length (L x B x H = 3160 x 220 x 330 mm). A
lead screw with a pitch of 12.7 mm transmitted power from the AC motor (220V, Nbe
Motor Pvt. Ltd.,, Ahmedabad, India) to a roller that anchors the crop holding platform
movement at a customizable speed. The crop holding unit with slit, measuring 1900 mm in
length, was designed to vertically support plants and maintain a custom-selected spacing
between them. Artificial plants mimicking cotton plants were placed in those slits of the
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plant holding unit for evaluations. A Hall effect sensor connected to the ECU was installed
at one end of lead screw to measure forward speed of the plant conveying unit [34,35].

Figure 8. Testbed developed for evaluation of the automated site-specific fertilizer applicator for cotton
crops. The testbed consists of (1) roller, (2) crop holding unit, (3) crop holding slit, (4) lead screw, (5) testbed
frame, (6) belt pulley, (7) AC motor to operate plant conveying unit, and (8) AC motor driver and
operating unit.

2.5. Prototype Assembly and Performance Evaluation

Prototype of Al-enabled automated variable-rate fertilizer applicator (Figure 9) was
assembled and evaluated for applying micro granular fertilizer on the testbed. The camera
was positioned 0.21 m ahead of the fertilizer discharge tube to compensate for the compu-
tational delay between image capture and the actual fertilizer application. The webcam
was placed 16 cm vertically above the plants that were spaced at 60 cm on the plant con-
veying unit. Once the evaluation speed of conveying unit was selected and maintained, the
prototype performance was evaluated.

For evaluations, urea and DAP (Diammonium Phosphate) fertilizers were used to deter-
mine the effectiveness of the fertilizer applicator. The bulk density, granular diameter, angle
of internal friction, and angle of repose for both fertilizers were determined to be 0.705 and
0.785g/ cm?, 4.44 4+ 0.28 mm and 4.85 + 0.29 mm, 16° and 18°, and 34.92° and 30.92°, respec-
tively. The fertilizer application rate recommended for cotton plants [34] is 150:40:20 kg /ha
of NPK (Nitrogen, Phosphorous, and Potassium) fertilizers. Given a row and plant spacing
of 70 cm x 60 cm, each plant should receive about 13.10 g of urea or 5.80 g of DAP. In field
conditions, farmers can adjust the exposure length of the fluted roller metering mechanism
to customize fertilizer quantities and achieve different NPK ratios.

The prototype was evaluated for these inconsistencies at five forward speeds of the crop
conveying unit (0.2, 0.4, 0.6, 0.8, and 1 km/h) and four exposure lengths of fluted rollers in the
metering unit. A list of independent and dependent parameters for prototype evaluation is
mentioned in Table 1, and Figure 10 illustrates a scenario of evaluation after the micro-granular
fertilizer has been applied by the prototype. The applicator’s accuracy was investigated using
mean absolute percentage error (MAPE, Equation (1)) and mean absolute deviation (MAD,
Equation (2)). MAPE quantifies the disparity between the recommended and actual delivered
application doses, while MAD signifies the average deviation.

_ Ly el
MAPE = -} ., T (5)

1
MAD = —3 7 lei ©6)
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YOLOV7 recognition
model deployed in
Raspberry Pi

PySerial

where e_i is the difference between delivered and recommended fertilizer amount, and
T_i is delivered fertilizer amount, for the ith observation. The collected data was analyzed
using statistical analysis, as detailed in the experimental plan presented in Table 1. Figure 10
shows a sample image with fertilizer dispensed near plants by the prototype developed in
this study for autonomous variable-rate application.

Initilization of /O pin

Microcontroller |n—|Hall effect sensorl

| Motor driver

Fertilizer metering
mechanism

Figure 9. (a) Process flow chart of the developed automated variable-rate cotton fertilizer applicator
system and (b) assembled prototype for testbed evaluation with (1) electronic control unit, (2) step-
per motor, (3) webcam, (4) crop holding unit, (5) crop holding slit, (6) lead screw, (7) testbed frame,
(8) belt pulley, (9) AC motor to operate plant conveying unit, and (10) AC motor driver and operating unit.

Table 1. Independent and dependent factors selected for testbed evaluation of prototype for auto-
mated site-specific fertilizer applicator.

S. No. Variables Levels

Independent parameters
Vi =02km/h, Vi, =04 km/h Vg = 0.6 km/h,

Forward speed of plant

1 conveying unit Vi =08lm/h, and
ymg Vg5 =1.0 km/h
5 Exposure length of the Le =25%, Le =50 %, Le = 75%, and
' metering unit Le = 100%

Dependent parameters

1. Missing plant index (MI), %
[umination effect
3. Delivered amount (g/plant)

N
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Delivered
Fertilizer

Figure 10. Image showing fertilizer dispensed near plants by the automated variable-rate fertilizer applicator.

3. Results and Discussion
3.1. Performance of Plant Recognition Model

Precision, Recall, and mAP metrices were used to evaluate performance of the developed
plant recognition model. The box and objectness loss plots of the developed plant recognition
model demonstrate that the loss decreases as the epoch increases throughout the training and
validation process (Figure 11). The constructed model successfully identified the cotton plant
with incurring losses of 2.51% and 1.38% for bounding boxes and object boxes, respectively,
over 100 epochs. Pertaining to in-house evaluation, there was only one class (i.e., plant)
to be identified; therefore, no misidentification was observed. The model’s Precision and
Recall improved as training epochs increased and eventually reached peak values. Precision
demonstrated an upward trend with increasing confidence scores, peaking at 1 when the
confidence score reached 0.669. Beyond this threshold, there was no significant improve-
ment in accuracy based on confidence levels. At a confidence level of 0.00, the Recall was
0.97 (Figure 12). Precision values remained constant as Recall increased to a certain point,
after which Precision decreased as Recall increased (Figure 13). This occurred as the num-
ber of positives increased. At a confidence level of 0.87, the Fl-score reached its peak of
0.87 (Figure 13), indicating a higher alignment between Recall and Precision.

train/box_loss train/obj_loss train/cls_loss metrics/precision metrics/recall
0.12 1.0 1.0
—e— results 0.04
0.030 -+-= smooth .
0.10 08 08
0.02
0.08 0.025 0.6
0.00 cEEECEEEE———— 0.6
0.06 0.4
0.020 —0.02 0.4
0.04 0.2
0.015 —0.04 ! 0.2
0.02 0.0
0 50 100 0 50 100 0 50 100 0 50 100 0 50 100
val/box_loss val/obj_loss val/cls_loss metrics/mAP_0.5 metrics/mAP_0.5:0.95
0.07
0.04
0.06 0.025 0.8 0.4
0.02 0.6 0.3
0.05 . :
0.020 0.00 coEEETEE———
0.04 0.4 0.2
-0.02
0.03 0:.01> 0.2 0.1
—0.04 '
0.02 0.0 0.0
0 50 100 0 50 100 0 50 100 0 50 100 0 50 100

Figure 11. Box loss, objectness loss, class loss, Precision, Recall, and mean average precision (mAP)
curves for training and validation of the plant recognition model for cotton plant identification.
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Figure 12. (a) Precision-confidence and (b) Recall-confidence curves for the plant recognition models
obtained during model training.
1o Precision-Recall Curve Lo F1-Confidence Curve
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Figure 13. (a) Precision—Recall and (b) F1-score—confidence curves for the plant recognition models
obtained during model training.

3.2. Effect of Fluted Roller Speed of Metering Unit on Fertilizer Discharge at Different
Exposure Lengths

The speed of the fluted roller of fertilizer metering unit was incrementally varied
between 10 and 100 rpm using the stepper motor of the ECU to observe changes in fertilizer
discharge rate variations at four different exposure lengths (100, 75, 50, and 25%) of the
total metering shaft length. Discharged fertilizer amounts were recorded (Figure 14), where
for urea, the discharge rates ranged from a minimum of 1.12 g/s (at 10 rpm and 25%
exposure) to a maximum of 39.12 g/s (at 100 rpm and full exposure). For DAP, discharge
rates varied between 1.52 g/s (at 10 rpm and 25% exposure) and 46.21 g/s (at 100 rpm and
full exposure).
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Figure 14. Evaluation of granular fertilizer delivery rate for (a) urea and (b) Diammonium Phosphate
(DAP), with the speed of fluted roller of metering unit varied using stepper motor.
3.3. Effect of Forward Speed on Recommended Fertilizer Amount at Fixed Shaft Exposure Lengths
Figure 15 presents the deviation between actual and recommended fertilizer amounts
at constant shaft exposure lengths for both urea and DAP fertilizers. The MAPE was found
to be 6.15% for urea and 9.1% for DAP, with MAD of 0.81 g/plant for urea and 1.20 g/plant
for DAP. These results align with those reported by [16], which observed a MAPE of 8.9%
and a MAD of 1.03 g/plant. Statistical analysis indicated that the forward speed of the
plant conveying unit did not significantly influence the fertilizer delivery amounts (p > 0.05
for both urea and DAP). This aligns with findings from [17,36], which also showed that
linear speed did not significantly impact on the actual fertilizer delivery (p > 0.05). The
developed system demonstrated an application accuracy averaging 86%, within a range of
85-87%. Accuracy was assessed by subtracting the delivered fertilizer amount from the
recommended application rate for both urea and DAP micro-granular fertilizers. Consistent
with these results, Kim et al. [37] reported granular applicator precision between 81.9% and
97.4%, exceeding the 80% threshold typically regarded as acceptable for system accuracy.
1209 O Urea applied (g/plant) @ Urea recommended (g/plant) (a) & ODAP applied (g/plant) @ DAP recommended (g/plant) (b)
Ea Es 7
2135 4 ¥
S0 J[ ST Hoo
=) (=i}
23 25 °]
S8 130 1 L
B2 £S5 1
SN SN
g3 52
Se 125 o 32,
g’ FE
120 — Lyl . 3 ——— . ———
0.2 04 0.6 8 1 02 0.4 8 1

0. 0.6 0.
Forward speed (km/h) Forward speed (km/h)

Figure 15. Comparison of the fertilizer delivered by the developed automated variable-rate fertilizer
applicator and recommended dosage at various forward speeds for (a) urea and (b) Diammonium
Phosphate (DAP).
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3.4. Effect of Exposure Length on Fertilizer Amount at Different Forward Speeds

Figure 16 illustrates the variation in the application rate of urea and DAP granular
fertilizers with varying exposure lengths of the metering shaft at different forward speeds.
A two-way ANOVA indicated that exposure lengths had, and forward speeds did not have
a significant impact on fertilizer application (p > 0.05). There was a significant increase in
fertilizer discharge as the exposure length of the fertilizer metering shaft increased. Never-
theless, the ECU consistently discharged fertilizer quantities closer to the recommended
dosage for urea and DAP granules across all tested forward speeds.
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Figure 16. Variation in fertilizer amount for (a) Urea and (b) Diammonium Phosphate (DAP) with
different exposure lengths at different forward speeds.

3.5. Effect of Forward Speed on Missing Plant Index

The evaluation of the impact of forward speed of the plant conveying unit on missing
plant index (MPI) was also conducted. This index is a measure indicating the percentage
of plants not receiving fertilizer. The analysis revealed direct correlation between forward
conveying speeds and MPI (Figure 17), suggesting the likelihood of missing plants for
fertilizer application at higher forward speeds (p < 0.05). The MPIs were in the ranges of
0.22-3.35% for urea and 0.22-3.77% for DAP when evaluated at selected range of forward
speeds of conveying unit. These values however were fairly lower than the MPI of 6.25%
as reported by a study by Hasan et al. [38]. Therefore, optimizing forward speed to achieve
higher efficiency in fertilizer application is critical for agricultural operations.
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Figure 17. Effect of forward speeds on missing fertilizer application for plants. DAP: Diammonium
Phosphate.

3.6. Effect of lllumination on Fertilizer Delivery

The effect of different lighting conditions on the fertilizer delivery was also evaluated
for the Al-computer vision-based fertilizer applicator. An adjustable LED light, equipped
with a voltage regulator, was installed near the camera to allow control of illumination
intensity within the camera’s field of view. Three lighting levels were tested: 3000, 5000, and
7000 lux, to assess potential variations in the fertilizer discharge amounts for urea and DAP
(Figure 18). Results indicate that discharge amounts remained stable across all illumination
levels for both fertilizers, regardless of the selected forward speeds of the plant conveying
unit and the varied shaft exposure lengths of the fertilizer metering unit (p < 0.05). The
results suggest that fertilizer delivery was unaffected by illumination changes, indicating
that the plant recognition model reliably identified cotton plants across a range of lighting
conditions, thereby outlining system’s robustness against varying environmental lighting,
ensuring consistent fertilizer application under diverse ambient conditions.
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Figure 18. Effect of ambient illumination on fertilizer discharge for (a) Urea and (b) DAP (Diammo-
nium Phosphate) from the automated variable-rate fertilizer applicator prototype.

The system has so far been tested under controlled conditions, and real field trials
are needed to establish its practical performance. The developed system can be scaled
to field conditions and is expected not to get impacted in performance due to varying
illumination conditions. However, rigorous field trials would be needed to evaluate
optimal performance with respect to environment conditions, soil surface undulations,
forward speed of operation, slippage, and soil moisture conditions. The developed system
also has the potential to be scaled for other crop types by retraining the detection model
and adjusting the metering mechanism. A limitation of the developed system is that
fertilizer is applied based on plant detection rather than the actual nutrient needs of soil-
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crop interaction. Future research refinements could focus on integrating soil health sensors
to enhance precision in fertilizer application. The system currently deploys Raspberry
Pi computer for detecting cotton plants and is relatively slow in performance that could
hinder efficiency in field conditions; advanced microcomputing systems could be used
to alleviate this concern and enable system operation at higher speeds in the field. As in
its current form, the Raspberry Pi-based system can be deployed for walk-behind-type
fertilizer application systems that operate at 0.2-1.0 km/h.

Final outcomes of this research can be considered as an automated prototype of retrofit
with PRU and ECU that can be integrated with the existing fertilizer application systems.
Therefore, excessive fabrication or chassis designs may not be needed when mounting
over existing walk-behind-type or tractor-based applicators. Although for tractor-based
applicators, processing refinements within the PRU and ECU would be needed. In general,
fertilizer granules are metered by the rollers in the metering mechanism which then fall
through the tube. In this arrangement, field undulations have not been reported to impact
the fall of fertilizer as the releasing tubes are not in touch with the ground. However,
through further research, there could be a possibility of enhancing the efficiency of fertilizer
application against noise and vibration resulting from field undulations.

4. Conclusions

An automated site-specific fertilizer applicator was developed based on cotton crop
plant identification using Al-computer vision. The system deployed YOLOvV7 object de-
tection model to identify cotton plants in real-time, with Precision, Recall, F1-score, and
mAP values of 1.00 at 0.666 confidence, 0.97 at 0% confidence, 0.87 at 15.1% confidence,
and 0.906 at 50% confidence, respectively. Based on identification, the integrated ECU
could effectively control the fertilizer metering unit with a high precision of approximately
86% to apply fertilizer near the identified plant. Pertaining to fertilizer application, the
maximum deviation between fertilizer applied and recommended dose was below 10%,
citing accurate placement of fertilizer near the plant. No notable impact of forward speeds
and illumination was noted on the amount of fertilizer discharged, thereby highlighting
the potential robustness of the system under varied field conditions. However, future
field studies may be required to evaluate the performance under varied conditions. The
designed applicator significantly upgrades placement method of fertilizer application,
at minimum loss, maximum uniformity, with site-specific application capabilities. The
system could be deployed as a retrofit in existing walk-behind-type fertilizer applicators as
well as tractor-based applicators, and with some modifications in the on-board computing
and control system. This system could eventually provide economic and environmental
advantages by delivering a metered quantity of fertilizer to the target plants.
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