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Abstract—To meet demand for agriculture products, 

researchers have recently focused on precision agriculture to 

increase crop production with less input. Crop detection based 

on computer vision with unmanned aerial vehicle (UAV)-

acquired images plays a vital role in precision agriculture. In 

recent years, machine learning has been successfully applied in 

image processing for classification, detection, and segmentation. 

Accordingly, the aim of this study is to detect rice seedlings in 

paddy fields using transfer learning from model Faster R-CNN. 

This study relies on a significant UAV image dataset to build a 

model to detect tiny rice seedlings. The model was also measured 

with three additional datasets acquired on different dates to 

evaluate model applicability with various imaging conditions. 

The results demonstrate that the adoption of transfer learning 

allows for rapid establishment of object detection applications 

with promising performance. 

 

Index Terms— machine learning, deep learning, object 

detection, Faster R-CNN, transfer learning. 

 

I. INTRODUCTION 

emand for agricultural products urges agriculture sectors 

to accommodate technology to overcome production 

challenges [1,2]. Prominently, population growth creates 

constant pressure on the agricultural system to supply more 

food to fulfil global demand, which drives farmers to adopt 

modern technologies (such as precision agriculture) in food 

crop production [3–6]. Globally, precision agriculture plays 

an important role in increasing the quality of crop production, 

sustaining crop production, and making decisions based on 

analyzing large amounts of data and information about crop 

status obtained from farms. Moreover, it is used for effective 

fertilizer management and irrigation as well as for labor 

reduction [7–9]. With the advantages of technology in 

capturing high-resolution images, particularly by using 

unnamed aerial vehicle (UAV), large amount of remote 

sensing data can easily be obtained for analyzing crop yield 

in precision agriculture. Through the development of Internet 

of Things (IoT) and computer vision, sensors, and cameras 

along with machine learning, deep learning and image 

processing techniques have been getting increasing attention 

for capturing information and further processing for smart 

farming to help maintain the sustainability of agricultural 

production [10]. Smart farming plays a vital role in the 

agricultural process based on adjusting various agricultural 

management measures. It provides suggestions and insights 

for more efficient and effective agriculture production and to 

 
 

solve the challenges in agriculture systems [11].  

Moreover, computer vision plays a key role in extracting 

useful information from the collected image dataset for 

management of smart farming tasks [10,14]. In recent 

agricultural operations, machine learning in computer vision 

has been applied for various object detection and 

classification tasks through extracting information from 

images to significantly promote intelligent agriculture [15–

19].  

As mentioned above, the developments in IoT provide a 

good platform to collect a large amount of image data with 

many objects to make meaningful image analysis [20]. To 

collect image data in agriculture sectors, UAVs or drones are 

widely used in precision agriculture and many other fields, 

such as path planning and design, wildlife rescue, weed 

classification, harvesting, livestock counting and crop and 

aquatic products damage assessment [21–26]. UAVs can be 

used to detect potential issues and then obtain high-resolution 

images to inspect and apply treatments correspondingly. The 

combination of UAVs and computer vision helps farmers 

make correct decision by obtaining information from the 

images [14]. This study focusses on monitoring sowing area 

via UAVs for identifying rice seedlings and counting them 

for decision-making regarding the progress of rice seedlings 

in paddy fields. 

Deep learning, which is one branch of machine learning, in 

object detection can deal with high-density scenes with 

complex and small objects in images [27,28]. Object 

detection in computer vision is widely used for various 

applications. By training with large amounts of image data, 

object detection can accurately identify the targeted objects 

and their spatial locations in the images, classify objects from 

the specified varieties, such as human, animals, crops, plants, 

and vehicles, and mask the objects within bounding boxes by 

well-developed algorithms [29–33]. image. Moreover, the 

challenging task in computer vision is to detect the small 

objects in an image that lack appearance information to 

distinguish them from background and similar categories. 

The precision requirement is higher for accurately locating 

small objects. A recent review reported detailed information 

about the use of convolutional neural networks (CNNs) for 

small-object detection. Their results, based on popularly 

existing datasets, showed better performance for detecting 

small objects in terms of multi-scale feature learning, data 

augmentation, training strategy, context-based detection, and 

GAN-based detection methods [34]. Based on this evidence, 
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this study aims to employ an object-detection model to 

monitor a single small object in paddy fields using UAVs. 

This study focusses on the rice seedlings in paddy fields as 

very tiny objects that can hardly be observed by the human 

eye to find displacements or missing rice seedlings and count 

and locate rice seedlings.  

Object detection based on machine learning in computer 

vision has improved enormously in accuracy and speed 

compared to traditional detection algorithms with feature 

extraction [35]. It is used for classifying and locating objects 

in automatic image detection processes based on statistical 

and geometric features. 

The advantage of directly using images in object detection 

applications is that it allows CNNs to avoid manual feature 

extraction. In other words, CNNs are one of the most 

effective algorithms for object detection due to directly 

extracting features and detecting objects from images. In 

recent years, impressive improvements have been achieved in 

CNNs to address the problem of object detection by 

proposing many algorithms in which the network models are 

trained by combining local regional perception and feature 

extraction with a classification process. Tong et al. [34] and 

Zhang et al. [28] provided detailed reviews about the recent 

progress of CNN algorithms for objection detection. The 

development stages of CNN-based object detection models 

are shown in Figure I-1 [30]. These object detection 

algorithms based on deep learning are divided into one-stage 

and two-stage detection algorithms. In one-stage algorithms, 

features for bounding box regression and class classification 

are directly extracted by the convolution operations on the 

output features of backbone networks. Object detection 

algorithms based on feature map convolution include YOLO 

[36], SSD [37], SqueezeDet [38], RetinaNet [39], CornerNet 

[40] and EfficientDet [41]. In two-stage algorithms, regional 

proposal modules are used to propose targeted object 

boundary boxes, and features are subsequently extracted from 

them to predict categories and masking objects. Object 

detection algorithms based on reginal proposal, such as 

RCNN [42], Fast R-CNN [43], Faster R-CNN [44], Mask R-

CNN [45] and FPN [46], perform better and achieved high 

mean average precision (mAP). Among them, Mask-RCNN 

could be used to predict an exact mask within the bounding 

box of objects to detect single objects in images. This study 

adopts Faster R-CNN as a two-stage algorithm, to detect rice 

seedlings in paddy fields due to the advantages of high 

efficiency, high localization, and high precision for object 

detection.  

This study overcomes a data scarcity problem with 

lightweight architecture and transfer learning in deep learning 

for precision agriculture. Besides, this study chooses Faster 

R-CNN due to its architecture being capable of handling huge 

variations of feature scales for small-object detection. 

Overall, this study adopts two-stage object detection 

architectures to develop tiny-object detection in UAV images 

to identify rice seedlings for precision agriculture, which has 

never been done for traditional rice cultivation. 

II. MATERIALS AND METHODS 

A. Data Introduction 

UAVs can be used to help farmers broadly monitor rice 

growth in the early stage. The field images of rice seedlings 

were collected by UAVs equipped with cameras and 

downloaded from an open dataset [47]. Detailed information 

of camera, UAV, and calibration settings to take images is 

given in Tables 1 and 2. The study area is located at the 

Taiwan Agriculture Research Institute, Wu-Feng District, 

Taichung City, Taiwan, where a long-term field investigation 

and observation, including UAV imaging and field survey, 

has been conducted for rice cultivation management 

experiments. Counting rice seedlings in paddies is one of the 

keys to calculate density and estimate grain yield. The 

framework includes four phases: image pre-processing, sub-

image generation, object detection with three approaches, and 

detection result and evaluation. 

 

 

Figure I-1 Development stages of deep learning object detection [30] 
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Table 1 - UAV imaging sensor details [61]. 

                          

 
Table 2 - Details of flight mission [47]. 

 

The first phase is orthorectifying and mosaicking images 

captured by UAVs. The second phase is generating sub-

images from orthorectified mosaic images due to the GPU’s 

memory limitation. The third phase shows two-stage object 

detection architecture—Faster-RCNN. This approach 

generates detection results with classification and localization 

predictions that are evaluated with ground truth in the fourth 

phase. Each rice seedling in sub-images is manually 

annotated by agricultural experts. A training dataset is used 

to obtain the best model weights for rice seedling detection 

and counting.   

B. CNN Model 

Dataset collection is the essential part in object detection. 

This study used a total of four UAV images of rice paddy 

fields to train the model for CNN-based rice seedling 

detection. Each rice seedling in every image was manually 

labeled using labelImg, an opensource graphical image 

annotation tool in a pixel-basis with a single separate category 

(i.e., rice seedlings) from background. To have a sufficient 

dataset with several rice seedlings in each image, each image 

was split into several sub-images with each side 512 pixels. 

A total of 297 sub-images were generated from the four field 

images, and a training–test split ratio of 80–20 was applied to 

generate 273 sub-images for training and 60 sub-images for 

testing. In addition, three separate test datasets acquired on 14 

August 2018, 12 August 2019, and 20 August 2019 with 72, 

100 and 100 images, respectively, were also included to 

evaluate the model’s applicability to various imaging 

conditions. Annotating rice seedlings in every sub-image is 

time-consuming (needing a huge number of person-hours), 

thus a semi-auto preprocess was adopted for rapid annotation. 

Datasets can be used to determine the accuracy of rice 

seedlings detection and counting. The expected study results 

are looking for raw counts and illustrating the spatial 

distribution of rice seedlings. Figure II-1 shows annotated 

images of rice seedlings.  

C. Faster R-CNN Model Training 

Faster R-CNN is a two-stage object detection network that 

inherits the robustness of the R-CNN family with a precise 

detecting capability. To speed up detection, a regional 

proposal network (RPN) is proposed to replace the selective 

search algorithm, which has poor GPU utilization. RPN is a 

fully convolutional network that generates both box 

regression and box-classification features with a set of 

predefined anchors as the regression target. After the RPN 

generates proposals, both proposals from RPN and features 

from the backbone are passed into the Fast R-CNN detector. 

Because the design of the anchors already considers multi-

scale and multi-ratio patterns, the architecture can feasibly be 

trained on single-scale images. The visualized architecture of 

Faster R-CNN ResNet-101 is shown in Figure II-3. A transfer 

learning strategy is also employed to rapidly establish the 

detection application. In this study, the ResNet-101 [48] 

backbone with input image size 640 × 640 pretrained weight 

is chosen for training the Faster R-CNN model. The changes 

of parameters in the configuration are the number of classes, 

training step, batch size and the max number of detection box, 

which are 1, 25,000, 8 and 200 respectively.   

Sensor Description DJI Phantom 4 Pro 

Resolution (H pixel × V pixel) 5472 × 3648 

FOV (Hº × Vº) 73.7º × 53.1º 

Focal Length (mm) 8.8 

Sensor Size (H mm × V mm) 13.2 × 8.8 

Pixel Size (µm) 2.41 × 2.41 

Image Format JPG 

Dynamic Range 8 bit 

Parameter Setting 

 

Sensor DJI Phantom 4 Pro 

 

Acquisition 

Date 

7 

August 

2018 

14 

August 

2018 

12 August 

2019 

20 

August 

2019 

Time 07:19–

07:32 

07:03–

07:13 

14:23–

14:44 

08:16–

08:36 

Weather Mostly 

clear 

Mostly 

cloudy 

Mostly 

cloudy 

with 

occasional 

rain 

Partly 

cloudy 

Avg. 

Temperature 

(ºC) 

28.9 26.8 26.6 27.5 

Avg. Press 

(hPa) 

997.7 992.0 994.1 996.4 

Flight Height 

(m) 

21.4 20.8 18.6 19.1 

Spatial 

Resolution 

(mm/pixel) 

5.24 5.09 4.62 4.78 

Forward 

Overlap (%) 

80 80 85 85 

Side Overlap 

(%) 

75 75 80 80 

Collected 

Images 

349 299 615 596 
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Figure II-1 Rice seedlings annotated with bounding boxes in green on sub-images. 

Figure II-2 Examples of annotated images for model training. 

Figure II-3 Architecture of Faster R-CNN ResNet-101. 
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III. RESULTS AND DISCUSSION 

The container runs on the hardware specification of one 

NVIDIA Tesla V100 GPU, four cores of Intel Xeon Gold 

6154 CPU, and 90 GB of host memory. The containerized 

image for the experiments is tensorflow-21.06-tf2 with 

Tensor- Flow version 2.5 to have the latest function support. 

Starting from the model building, experiment applies the 

same scripts from the officially released object detection 

example of TensorFlow. The only two changes are the 

configuration files and the pretrained weights. Detailed 

documentation of usage can be accessed from TensorFlow on 

GitHub. Detection model is initialized with the COCO 2017 

pretrained weights, which provides prior knowledge of object 

features to give a better and faster model convergence. Figure 

III-1 shows the visualized detection results, and Figure III-2 

shows the visualized AP curve. Faster R-CNN performs 

1.000 mAP and 0.996 mIoU on the training data and 0.888 

mAP and 0.637 mIoU on the test data. The metrics between 

training and testing show a big gap that could be caused by 

overfitting during training.  

 To simulate the inference for real-time scenarios, images 

are loaded one by one from the disk for all three models. The 

CNN-based detection model highly utilizes the GPU to 

extract features and detect objects parallelly. 

In this study, deep learning method with two stages was 

employed to enhance localization accuracy. Wu et al., 2019 

[19], used fully convolutional architecture to count rice 

seedlings in 40 UAV images, resulting in high correlation to 

the ground truth count (R2 = 0.94), but false positive counting 

was not considered and adjusted for. Moreover, the size of 

detected objects was not detected, so it was unable to estimate 

localization accuracy. In addition to rice seedling counting, 

the proposed methods in this study can detect the position and 

size of the rice seedlings. 

Furthermore, this study applied transfer learning to reduce 

the need for a great amount training data and training time 

(less than 1 h for 500 epochs). Overall, Faster R-CNN models 

show the capability of real-time inference, as they performed 

around 20 fps detection. However, the computational cost of 

the CNN-based model is overstated, because normally the 

images are read from the camera cache through the bus 

instead of the disk. Further, the CNN models will be 

Figure III-2 Example of visualized detection results of Faster R-CNN. 

Figure III-1 AP curves of the detection results of Faster 
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optimized to a faster and lighter runtime package to satisfy 

various deployment environments. 

 

 

 

 

A. Model Evaluation of Different Datasets 

The detection model was evaluated with four test datasets, 

which were different in the planting year, growth day, 

location, and environmental conditions. The AP and IoU 

metrics of the model are listed in Table 4.  

To discuss this issue, an example of the test images on four 

different datasets was selected and visualized (Figure III-3), 

and comparison of the test results is visualized as Figure III-

4. Figure III-3 shows the variances of paddy environment, 

seedling size and illumination. The variance of seedling sizes 

is due to the different image acquisition date, which can be 

categorized into three sizes of side length 20, 25 and 30 

pixels. The paddy environment can be categorized into four 

situations with combinations of ponding management and 

growth of algae. 

An example of the detection results with comparisons 

between the three models is shown in Figure 18. Precision 

was calculated by the number of predictions for which the 

IoU is equal or greater than 0.5 (light green boxes) divided by 

the total number of predictions. Recall was calculated by the 

number of light green boxes divided by the total number of 

ground truth boxes. 

 

 

  
Table 3 - Model performance and computational cost 

Training Test Computational Cost 

mAP mIoU mAP mIoU Preprocess Inference Visualization Total Total 

1.000 0.996 0.888 0.637 0.005s 0.042 s 0.003 s 0.050 
20.000 

fps 

 

Table 4 - Evaluation of AP and IoU on four datasets. 

Date AP IoU 

7 August 2018 0.888 0.637 

14 August 2018 0.981 0.686 

12 August 2019 0.986 0.871 

20 August 2019 0.739 0.382 

 

Date F1- Score Precision Recall 

7 August 2018 0.783 0.855 0.780 

14 August 

2018 
0.904 0.948 0.747 

12 August 

2019 
0.790 0.972 0.615 

20 August 

2019 
0.480 0.583 0.345 

 

 

Table 5 - Evaluation of model performance on four datasets. 

Figure III-3 An example of the test images on four datasets on (a) 7 August 2018, (b) 14 

August (c) 12 August 2019 and (d) 20 August 

Figure III-4 An example of detection results with precision and recall metrics on four datasets. 
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IV. CONCLUSION 

Tiny-object detection in UAV images is a challenging task 

in practical applications. Long computation time and slow 

speed due to memory consumption are the first-priority 

causes. Complex background and scenes, high density areas 

and random textures of fields can also decrease the 

performance of small-object detection. In this study, small 

rice seedlings are presented in highly noisy environments that 

influence the detection using deep learning on UAV imagery. 

This study presents a machine learning model, Faster R-

CNN, on UAV images to detect tiny rice seedlings. The 

datasets are semi-annotated with preprocessing of image 

processing and manual verification to reduce the cost of 

labor. This approach is sure to generate usable datasets 

rapidly. 

The class achieved above 85% F1-score in both training 

and testing. However, explosive data growth is one of the 

problems that needs to be solved in practical applications.  

In this study, the CNN model was transferred from 

pretrained models to develop a well-generalized model with 

high detection accuracy and rapidity. The pretrained model 

was well-trained by splitting four paddy images into 297 sub-

images (each image sized 512 ×512 ×3) by annotating each 

rice seedling in every sub-image. To verify model 

applicability with various imaging conditions, Faster R-CNN 

was applied to the rest of the images and three additional 

datasets acquired on different dates for model testing. We 

have shown that Faster R-CNN has a performance with mAP 

of 0.888, 0.981 and 0.986 and mIoU of 0.637, 0.686 and 

0.871 on the first three test datasets. Moreover, the CNN-

based model had acceptable detection results, with 0.739 

mAP and 0.382 mIoU (Faster RCNN) on the fourth dataset, 

even though huge variances exist between test datasets and 

training datasets. 

Further study will focus on detecting rice seedlings with 

more variety in imaging conditions, such as illumination, 

tone, color temperature, blur, and noise. The models can be 

retrained using these additional images to adapt to more 

image changes. Further, optimizing model parameters to 

reduce computational time and increase prediction accuracy 

is needed to enable models to be deployed in environments 

with tight resources. 
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