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Abstract

:

This article is focused on the comprehensive evaluation of alleyways to scale-invariant feature transform (SIFT) and random sample consensus (RANSAC) based multispectral (MS) image registration. In this paper, the idea is to extensively evaluate three such SIFT- and RANSAC-based registration approaches over a heterogenous mix containing Triticum aestivum crop and Raphanus raphanistrum weed. The first method is based on the application of a homography matrix, derived during the registration of MS images on spatial coordinates of individual annotations to achieve spatial realignment. The second method is based on the registration of binary masks derived from the ground truth of individual spectral channels. The third method is based on the registration of only the masked pixels of interest across the respective spectral channels. It was found that the MS image registration technique based on the registration of binary masks derived from the manually segmented images exhibited the highest accuracy, followed by the technique involving registration of masked pixels, and lastly, registration based on the spatial realignment of annotations. Among automatically segmented images, the technique based on the registration of automatically predicted mask instances exhibited higher accuracy than the technique based on the registration of masked pixels. In the ground truth images, the annotations performed through the near-infrared channel were found to have a higher accuracy, followed by green, blue, and red spectral channels. Among the automatically segmented images, the accuracy of the blue channel was observed to exhibit a higher accuracy, followed by the green, near-infrared, and red channels. At the individual instance level, the registration based on binary masks depicted the highest accuracy in the green channel, followed by the method based on the registration of masked pixels in the red channel, and lastly, the method based on the spatial realignment of annotations in the green channel. The instance detection of wild radish with YOLOv8l-seg was observed at a mAP@0.5 of 92.11% and a segmentation accuracy of 98% towards segmenting its binary mask instances.
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1. Introduction


The primary challenge faced in the registration of images with distinct spectra during close-range imaging using multispectral (MS) cameras is misalignment among different spectral channels [1]. Subsequent tasks such as information identification, extraction, and feature detection become more challenging because of these distortions [2,3,4,5]. An ideal solution to this issue would be a reliable, accurate, and simple-to-use registration approach that accounts for the disparity in perspective of individual sensors. A much-needed addendum for improving such misalignment is intra-subject registration, which involves fine-tuning annotation coordinates to overlap with each other, thereby achieving the registration of the pixels of interest.



In contrast to a single-lens imaging system, multi-lens imaging systems may comprise one or more cameras that utilize multiple image sensors and lenses to capture individual spectral ranges. Nevertheless, the original MS images from a multi-lens imaging system present significant band misregistration errors such as lens distortion, varied positions, and viewing angles of every lens [6]. These distortions and ghosting effects in the original MS images lead to geometrical distortions, which must be rectified through band co-registration for accurate spectral analysis in remote sensing [7]. In our experiment, MicaSense RedEdge-M was used to acquire close-range agricultural images. The MicaSense RedEdge-M features a multi-lens design that allows users to capture specific narrowband spectral data using individual lenses with band-pass filters [8]. However, registering these images can be challenging due to differences in scale, orientation, and perspective.



Registering MS images is useful for change detection, where changes in shape, size, and area can be analyzed from multiple spectral channels collected over a period. By incorporating additional spectral information, it is possible to enhance the discrimination of different objects and features within images [9,10,11]. This makes it possible to identify and classify crops more accurately, which improves the process of image segmentation [12]. Close-range MS imaging involves capturing images of the same field within sub-meter distances on crops using different spectral bands. A single-lens imaging system employs one image sensor which can obtain multiple spectral bands by either altering the sensor filter [13] or employing the Fabry–Perot interferometer (FPI) technique [14].



David Lowe devised the scale-invariant feature transform (SIFT) algorithm in 1999, which was employed in computer vision to detect, describe, and match features in images [15,16]. One of its applications includes aligning two or more images through the identification and matching of corresponding features or keypoints in the images [17,18]. The accuracy of SIFT has been established to be one of the highest among feature detector descriptor algorithms for scale and rotation variations. It also has greater accuracy for image rotation than other algorithms and has been determined to be the most precise algorithm across all geometric transformations [19,20,21,22]. This technique can be particularly useful for improving MS image registration and alignment while utilizing binary masks, which can be used to segment and extract specific regions of interest from MS images.



This paper provides a certain reference to other scholars to advance their research on weed detection algorithms based on computer vision and achieve intelligent weed control and related areas of research and application [23]. There has been a similar work based on proximal sensing and feature-based MS image registration following different geometric transformations in plants imaged in a greenhouse environment using the same sensor [24]. Another experiment based on Parrot Sequoia MS images performed co-registration without assumptions based on scene structure and just required dense matching between two spectrally similar channels [7]. The weed Raphanus Raphanistrum, also known as wild radish, belongs to the family of Brassicaceae, whose infestation in the cropping of wheat is a subject of research interest [25,26]. Wild radish poses a significant threat to winter crops, including wheat, as it is one of the most aggressive and competitive broad-leaved weeds. Despite the availability of various chemical and non-chemical control methods, the prevalence and spread of wild radish seem to be on the rise [27]. It is a highly troublesome, aggressively invasive, and enduring weed. Its abundant seed generation, harmful effects on other crops, herbicidal resistance, seed inactivity, and variability in appearance and genetics make it challenging to control [28,29,30]. The excessive dependence on herbicides for weed control has led to its resistance to these chemicals. Therefore, incorporating computer vision strategies based on detection and segmentation is crucial for improving its management [23].



We are specifically interested in the evaluation of three different registration strategies based on SIFT and RANSAC over close-ranged sub-meter MS images to evaluate intra-subject registration. This paper compares these methods through a qualitative and quantitative perspective at a spectral level. The datasets of weed identification and detection and leaf classification are summarized, and the problems faced in field weed detection under different conditions are analyzed.




2. Materials and Methods


Our work focuses on three different approaches to the evaluation of MS image registration. The first method is based on the registration of individual spectral channels to a reference spectral channel using SIFT and random sample consensus (RANSAC) [31], at a time, and utilizes the homography matrix, derived during registration for the realignment of all the annotations performed across respective spectral channels. This means that spatial readjustment is performed on the coordinates of the annotations across the four spectral channels using the homography matrices obtained during the registration of every spectral band. The second method is based on segmentation-based registration [32] of binary mask images obtained from the annotated ground truth, which are registered using SIFT and RANSAC. In this method, every binary mask image corresponding to a spectral channel was registered to the binary mask image of the reference spectral channel. The third method is based on the mask-based registration of the pixels of interest derived from the annotated ground truth. In this method, only the masked pixels are registered using SIFT and RANSAC.



Interestingly, there has been a limitation of studies in the evaluation of the impact of segmentation over subsequent registration [32]. In the context of realignment of annotations, registration of binary mask images, as well as registration of pixels of interest derived from the annotated ground truth to overall achieve the registration of MS images, SIFT was used to detect and extract feature points, and then RANSAC was used to estimate the transformation between the two sets of feature points.



A state-of-the-art instance segmentation model, YOLACT (You Only Look at Coefficients) [33], was chosen to train the annotated MS images for evaluation of the predicted masks. YOLACT can quickly and accurately segment instances in images by dividing the task into two parallel subtasks: generating prototype masks and predicting mask coefficients. YOLACT utilizes these coefficients to linearly weight the prototype masks, resulting in high-quality instance masks.



Registration of the MS images based on pixels of interest masked through predicted binary mask images post-trained with YOLOv8 provides us room for comparative evaluation with manually segmented images and registered pixels of interest using the three methods described above. In our experiments, the overall emphasis is laid on exploiting these multiple ways of applying SIFT and RANSAC towards the registration of MS images based on annotated pixels of interest masked through binary masks across different spectral channels. The goal is to comprehensively evaluate the registration of annotated pixels of interest across manually and automatically segmented MS images.



The perspective homographic transformation was used in our experiment as images containing objects of interest appear misaligned across different spectral channels due to foreshortening and inter-sensor separation [34,35]. An affine transformation usually has six degrees of freedom and can perform translation, rotation, scaling, and skewing operations. It preserves parallel lines, ratios of distances along parallel lines, and angles [36,37]. A perspective transformation has eight degrees of freedom and can model projective distortions [38,39].It can perform all the operations of an affine transformation plus account for distortion caused by changes in viewpoint or camera position. If the images have significant differences in perspective or viewpoint, or if the task requires accounting for projective distortions, a perspective realignment is likely to be a better choice [40,41,42]. If the images only need to be translated, rotated, or scaled, an affine transformation may be sufficient.



The overall methodology (Figure 1) is a holistic picture of the three sub-methodologies adopted in this research. It begins with MS image acquisition over which mask annotations are performed using the VGG (Visual Geometry Group) VIA (VGG Image Annotator). This dataset is further classified into three categories. The first cluster consists of the annotated MS images with the spatial coordinates of wild radish annotations contained in JSON (JavaScript Object Notation). The second cluster consists of the binary mask images. The third cluster consists of the pixels of interest masked using the raw MS images and the binary mask images. In Step A, the homography matrix is calculated using raw MS images, which is then used to align the spatial coordinates of the annotations contained in the JSON (JavaScript Object Notation) in Step B. Therefore, Step B is the registration of MS images based on the spatial realignment of annotations. Step C is the registration of MS images based on the registration of binary mask images (.PNG format), wherein the input comes from the second cluster of the dataset. Step D is the registration of MS images based on the registration of masked pixels, wherein the input comes from the third cluster of datasets. Step E is a deep learning framework in which the annotated MS images are trained over the YOLOv8l-seg model to automatically predict wild radish masks. These automatic predictions are then subjected to morphological erosion before being provided as input to Step C and Step D. These images are further masked before being fed back to Step D. Finally, an accuracy assessment is performed over the binary mask outputs coming from Steps B, C, and D to evaluate the quality of registration achieved with these methods, and overall, compare manual and automatic segmentation.



2.1. Dataset


2.1.1. Image Acquisition


The dataset (Figure 2a–e) consists of 80 raw and 80 labeled MS images containing a mix of bread wheat and wild radish. Manual acquisition of MS images was carried out over an experimental farm situated in the Department of Agricultural Sciences, University of Napoli Federico II, Portici, Italy (Figure 3: appx. lat.: 40°48′52.1139″ N, long.: 14°20′48.4242″ E; elevation 80.422 m above the sea level). The acquisition was performed on 18 January 2022 using a MicaSense RedEdge-M camera (Figure 3). The sensor was kept at 1 m using a gimble for the acquisition of images. For each scene, the camera saves five files, one per spectral channel, resulting in five files per scene. So, there are 16 image scenes captured over five spectral channels, thereby totaling up to 80 images. The resolution of the images is 1280 × 960 pixels with a radiometric resolution of 8 bits. The war and annotated dataset can be accessed at [43]. The sensor specifications are illustrated in Table 1.




2.1.2. Annotation of MS Images


Pixel annotations were performed over the raw MS images using VIA (VGG Image Annotator, https://gitlab.com/vgg/via, accessed on 29 January 2024), which is open-source labeling software that was developed at the Visual Geometry Group (VGG), University of Oxford [44]. This software is designed to operate independently, without necessitating any form of installation or configuration on a personal computer. The annotations were subsequently exported in the form of JavaScript Object Notation (JSON).




2.1.3. Software


The codes to perform SIFT- and RANSAC-based image registration, extraction of homography matrices, registering images based on spatial realignment of annotations, registering binary masks to achieve image registration, registering pixels of interest to achieve image registration, extraction of individual and semantic segmentation masks based on annotations, object detection and segmentation based on training YOLOv8l-seg network, prediction of mask instances using trained weights, and morphological dilation of segmentation masks were scripted in Python v3.11.





2.2. Homography Matrix Estimation: Step A


2.2.1. Keypoint Detection and Feature Extraction


When estimating the homography matrix using RANSAC and the direct linear transform (DLT), the first step is to detect keypoints and extract features from the images [39,45,46]. This is carried out using the SIFT algorithm, which finds keypoints in an image by looking for locations that are invariant to changes in scale and orientation (Figure 4). These locations are identified by finding extrema in the difference-of-Gaussian function applied to the image at multiple scales. Once the keypoints are detected, their orientation is assigned based on the dominant gradient direction in the local neighborhood of the keypoints. This ensures that the keypoint descriptor is invariant to rotation [16]. Once the keypoints are detected, the next step is to match features from these keypoints.




2.2.2. Feature Matching


After the features were extracted from two images, the next step was to match the features between them. This was achieved by comparing the descriptors of keypoints in the moving image with those in the reference image (Figure 4). Brute-force matcher exhaustively compares every feature descriptor in one image with every feature descriptor in the other image [47,48]. Once the keypoints and their features were matched, a set of corresponding point pairs was obtained. These point pairs were further evaluated for filtering and subsequently used to estimate the homography matrix between the two images.




2.2.3. Ratio Test and Filtering


To remove the incorrect matches, Lowe’s ratio test was used. This test involves finding the two best-matching descriptors in the second image for each descriptor in the first image based on the smallest distance [49]. The ratio of the distances between the best and second-best matches was found to be good below a certain threshold of 0.75. Beyond this threshold, the matches were filtered out as they were found to be ambiguous. Applying this test, we were left with a set of potential correspondences between the two images (Figure 4). However, theoretically, these correspondences may still contain outliers or mismatches [16].




2.2.4. Homography Estimation


RANSAC is an algorithm used to estimate the homography matrix that maps the coordinates of keypoints in one image to their corresponding coordinates in another image. The aim of RANSAC is to identify a set of matches that are most likely to be correct and use them to estimate the homography matrix. It works together with the direct linear transform to calculate the homography matrix by eliminating incorrect point correspondences that could lead to an inaccurate outcome [50]. This is necessary to overcome incorrect matches due to noise or other factors. RANSAC works by iteratively selecting a random subset of matches, estimating a tentative homography matrix based on these matches, and then testing the remaining matches against this matrix to identify inliers [31]. In this way, a tentative matrix with the most inliers is chosen as the final homography matrix. In our experiment, we typically set the error threshold to 0.75 when calculating the distance between matched keypoints, as matches that are farther apart were found to be outliers (Figure 4). Additionally, we set the number of iterations to be proportional to the number of matches, as more matches require more iterations to find the best set of inliers. Once the final homography matrix was estimated, it was used to warp the moving image so that it aligned with the reference image.





2.3. Spatial Realignment of Pixel Annotations: Step B


After calculation of the homography matrices (Figure 4) for each spectral channel in relation to its RedEdge counterpart, these matrices were used to realign the spatial coordinates of each annotation across all four spectral channels. In this manner, the spatial attributes of the annotations contained in the ‘all_points_x’ and ‘all_points_y’ fields are updated in the JSON file (Figure 5). Subsequently, a new set of binary masks was obtained using the spatially updated annotations and an updated JSON file. In this way, registration of MS images based on re-referencing of updated annotation coordinates was achieved (Figure 6).




2.4. Registration Based on Binary Mask Images: Step C


In this method, firstly, the binary masks were obtained using annotated MS images. Subsequently, the features were detected and matched between the binary masks of each spectral channel and its corresponding RedEdge conjugates across all image scenes using SIFT and RANSAC (Figure 4). In this step, the keypoint estimation and feature detection were carried out for the binary mask images across all four spectral channels. The correspondences found here were then used to estimate the transformation required to align the masks, thereby registering the binary mask images (Figure 7).




2.5. Registration Based on Masked Pixels: Step D


The pixels of interest were masked using the binary masks obtained after conversion in Step C focused on image registration based on binary masks and raw MS images of the dataset (Figure 7). Subsequently, only these non-zero pixels of interest were registered using SIFT and RANSAC methods as described in Figure 4. The implementation is described in Figure 8.




2.6. Deep Learning Pipeline for Training Annotated MS Images: Step E


A group of deep learning models created for object recognition is represented by the YOLO (You Only Look Once) series. The most recent version, YOLOv8, was designed by the same team as YOLOv5, and it keeps the same architectural design. The YOLOv8 network performs additional tasks apart from object recognition and tracking, particularly instance segmentation, image categorization, and keypoint detection [51]. YOLOv8 supports five distinct model sizes (n, s, m, l, and x), each of which increases in depth and width from left to right. YOLOv8l-seg was chosen for the reason of optimum compatibility with our available computational resources. The YOLOv8l-seg network’s design is influenced by the YOLACT network’s principles [33], allowing it to segment objects in real time while maintaining a high segment mean average precision. In this study, the training and prediction of wild radish instances were carried out using the YOLOv8l-seg model.



The dataset was prepared to allot 60 images for training, 8 for testing and 12 for validation. Subsequently, a YAML configuration file was created to associate the relationship between training data, annotations, and weights. A configuration of 200 epochs was chosen for training. The best training weight obtained after training was used to predict the mask instances, which were subsequently fed to Steps C and D (Figure 9) of the overall methodology.




2.7. Morphological Dilation of Predicted Masks


The predicted instance masks were now subjected to morphological dilation, which is a technique that enlarges bright regions and shrinks dark regions. Since dilation enhances the size and shape of objects in a binary image. The degree and direction of this enhancement depend on the size and shape of the structuring element. It was used to increase the radius of segmentation [52] so that the pixels of interest are adequately masked for registration purposes.




2.8. Registration of Predicted Masks


The predicted and dilated instance masks obtained in Section 2.10 across the four spectral channels from the testing and validation datasets are now registered to their respective binary RedEdge conjugate across all image scenes using SIFT and RANSAC. In this step, the keypoint estimation and feature detection were carried out among the predicted and trained datasets. The correspondences found here were then used to estimate the transformation required to align the predicted masks, thereby registering them.




2.9. Registration of Masked Pixels from Predicted Masks


The predicted and dilated instance masks obtained in Section 2.10 across the four spectral channels from the testing and validation datasets are now used for masking the pixels of interest over the raw MS images (Step D). Subsequently, these non-zero pixels are registered using the SIFT and RANSAC to alter the spatial coordinates of the pixels throughout the four spectral channels with respect to the RedEdge channel.




2.10. Accuracy Assessment


2.10.1. Intersection over Union (IoU)


Intersection over union is used for assessing the accuracy of the image registration process, which involves the alignment of two images or more with one another. It is based on the measure of similarity in which the intersections of the two sets of pixels are divided by the union of the same two sets of pixels [53]. In the context of the registration of images, the IoU (Equation (1)) can be used for measuring the overlaps between the images registered. When two images have been registered, they should ideally have a large overlap, i.e., the same structure or feature should be found in both. The IoU provides measurable measures of the overlap and may be used as a measure of the quality of registrations [54]. Specifically, it can be used to evaluate the accuracy of the registration by comparing the registered image to a ground truth or reference image. The IoU between the registered image and the ground truth image can be computed, and a high IoU value indicates that the registration is accurate. However, IoU is often preferred because it provides a more intuitive measure of overlap between the registered images. Mathematically, it is calculated as follows [55]:


  I o U =   | A   ∩   B |   | A   ∪   B |   =   T P   T P + F P + F N    



(1)




where A and B are binary image masks, TP indicates true positive, FN indicates false negative, and FP signifies false positive.




2.10.2. Normalized Coefficient of Correlation (NCC)


The normalized coefficient of correlation is based on the measure of the similarity of two images being recorded at the same time. It is based on the statistical measure of the linear relation between the pixel intensity values in the image [56]. The normalized coefficient of correlation, also referred to as a normalized correlation coefficient, measures the relative similarity of two images, by calculating the correlation of the intensity values of the two images. However, it is not considered by the difference between the mean values and the standard deviations of intensity values [57,58].



The normalized correlation coefficient takes these differences into account by normalizing the coefficient of cross-correlation between the two image images and the product corresponding to the average deviation of the values of intensity (Equation (2)). This normalization allows the coefficients of correlation to range from −1 to 1, where closer to 1 indicates a greater degree of similarities between two images. Mathematically, it is calculated as follows:


    δ   c       i   1   ,   i   2     =     i   1   T     i   2     ∥   i   1   ∥   ∥   i   2   ∥    



(2)




where     δ   c     represents cosine similarity measure based matching score of vectors i1 and i2, and ||. || represents the norm operator.




2.10.3. YOLOv8l-Seg Evaluation Metrics


The YOLOv8l-seg’s ability to accurately identify instances within an image was assessed using the average precision (AP) metric, as outlined in the MS COCO challenges [59]. AP is determined by the area under the precision (P) and recall (R) curves (Equations (3) and (4), respectively), and it is typically computed for each class within an image and then averaged to yield the mean average precision (mAP). In this study, as the wild radish class is the sole instance of interest, the AP can be considered equivalent to the mAP (Equation (5)). The F1 score is computed as the harmonic mean of precision and recall, and it demonstrates how the model achieves a balance between accurate detection and thorough coverage. When evaluating segmentation tasks, precision (P), recall (R), AP, and F1 score are calculated as follows [60,61]:


  P =   T P   T P + F P    



(3)






  R =   T P   T P + F N    



(4)






  m A P =   ∫  0   1    P   R   d R    



(5)






  F 1 S c o r e = 2 ×   P × R   P + R    



(6)




where TP (true positive) represents the number of accurate predictions in all pixels, FP (false positive) signifies the number of incorrect predictions in all pixels, and FN (false negative) indicates the number of pixels that were not identified as part of the corresponding instance. The evaluation metrics, mean average precision (mAP), particularly mAP50 and mAP95 are distinguished by the intersection over union (IoU) between predicted masks and ground-truth.



Another metric is a confusion matrix, which is a square matrix containing information about the actual and predicted classifications carried out using a classification model. It is a tool used in the field of machine learning to evaluate the performance of a classification algorithm. It provides a summary of the predictions made by a model on a set of test data for which the true values are known [62].






3. Results


3.1. Evaluation of MS Image Registration Quality


The binary masks obtained in Section 2.3, Section 2.4 and Section 2.5 were tested over metrics such as IoU and NCC to evaluate the MS image registration quality achieved through three techniques: spatial realignment of annotations, registration based on binary masks, and registration based on masked pixels (Table 2). Figure 10 represents two-dimensional boxplots of the three techniques containing samples from 80 annotated images across blue, green, red, near-infrared, and RedEdge spectral channels. The boxplot in Figure 10a shows that the mean IoU for the registration based on binary masks is the highest, recording a mean value of 0.8314 in comparison to the mean IoU observed for the registration based on masked pixels and spatial realignment of annotations, which are 0.8183 and 0.8055, respectively. There are three outliers observed in the case of registration based on binary masks with two outliers occurring in the range of 0.6–0.7 and only one outlier occurring in the range of 0.5–0.6. In the case of registration based on masked pixels, a total of five outliers are observed, with two outliers occurring in the range of 0.6–0.7 and the remaining three outliers occurring in the range of 0.5–0.6. However, in the case of registration based on the spatial realignment of annotations, five outliers are observed, with four outliers occurring in the range of 0.6–0.7 and one outlier occurring in the range of 0.5–0.6. This demonstrates that the registration method based on binary masks performed the best, followed by the registration method based on masked pixels, and lastly, the registration method based on spatial realignment of annotations. A tabular representation (Table 2) of the mean IoU across the above-mentioned methods is presented below.



The boxplot in Figure 10b shows that the mean NCC for the registration based on binary masks is the highest, recording a mean value of 0.9059 in comparison to the mean NCC observed for the registration applied on masked pixels and spatial realignment of annotations, which are 0.8971 and 0.8900, respectively. There are three outliers observed in the case of registration based on binary masks with two outliers occurring in the range of 0.75–0.8 and only one outlier occurring in the range of 0.7–0.75. In the case of registration based on masked pixels, a total of five outliers are observed, with two outliers occurring in the range of 0.75–0.8 and the remaining three outliers occurring in the range of 0.7–0.75. However, in the case of registration based on spatial realignment of annotations, five outliers are observed, with four outliers occurring in the range of 0.75–0.8 and the last outlier observed below 0.7. This, again, demonstrates that the registration method based on binary masks performed the best, followed by the registration method based on masked pixels, and lastly, the registration method based on spatial realignment of annotations. Table 2 presents the mean NCC across the above-mentioned methods.




3.2. Evaluation of Registration Quality at Spectral Level


The datasets obtained in Section 2.3, Section 2.4 and Section 2.5 were tested to evaluate registration quality at the spectral level. Table 3 is a behavioral exhibition of annotation quality observed across different wavelengths, i.e., blue, green, red, and near-infrared before registration was performed with respect to their conjugate RedEdge pairs, the reference. It was observed that the near-infrared channel exhibited the best quality of registration in comparison to other spectra over the metrics IoU and NCC. The registration method based on binary masks fared the best in comparison to the ones based on masked pixels and spatial realignment of annotations, thereby recording a mean IoU of 0.8726 and a mean NCC of 0.9170.




3.3. Evaluation of Registration Quality at Instance Level


The annotations obtained in Section 2.1.2 were utilized to generate individual wild radish instance masks. Subsequently, these masks across all wavelengths were cloned for evaluation using the three registration methods described earlier. The quantitative behavior (Table 4) of these instance masks across different spectral channels, i.e., blue, green, red, and near-infrared while being registered with their conjugate RedEdge instance pairs, the reference. It was observed that the green channel exhibited the best quality of registration for individual instances as far as registration was performed using binary masks where a mean IoU of 0.9339 and a mean NCC of 0.9668 were recorded. The green channel also exhibited the best performance in the category of registration based on spatial realignment of instance annotations, recording a mean IoU of 0.8969 and a mean NCC of 0.9457 as compared to other spectral channels. However, the red channel recorded the best intra-category performance with a mean IoU of 0.9159 and a mean NCC of 0.9573 in the category of registration based on masked instance pixels. Spectrally, the red channel recorded the least standard deviation of 0.013 for mean IoU, and 0.0118 for mean NCC. Overall, the best registration method for individual instances was observed to be the registration based on binary masks.




3.4. Evaluation of Overall Registration Quality for Predicted Instances


The predicted mask instances, obtained from the testing and validation datasets after training the YOLOv8l-seg model on annotated MS images (as described in Section 2.6), were subjected to morphological dilation (Section 2.7) before being registered using the methods described in Section 2.4 and Section 2.5. Table 5 is a holistic representation of registration performances based on predicted binary masks and predicted-and-masked pixels. It was observed that the registration based on predicted binary masks performed marginally better, thereby recording a mean IoU of 0.7188 and a mean NCC of 0.8099. However, the mean IoU for registration based on predicted-and-masked pixels was recorded to be 0.7185 with a mean NCC of 0.8016.




3.5. Evaluation of Registration Quality for Predicted Instances across Individual Spectral Channels


The testing and validation datasets containing predicted mask instances (Section 2.6) were then evaluated at the spectral level. Table 6 represents the performance of previously described registration methods applied on predicted binary masks and predicted-and-masked pixels. It was observed that the registration based on binary masks performed the best in the blue channel, recording a mean IoU of 0.7481 and a mean NCC of 0.8525. However, the mean IoU and mean NCC observed with registration based on predicted-and-masked pixels were recorded to be 0.7378 and 0.8462, respectively, being the highest for the green channel. Overall, the registration based on predicted binary masks performed better than the registration based on predicted-and-masked pixels, thereby recording a cumulative mean IoU of 0.7195 and mean NCC of 0.8336.




3.6. Error Map


Figure 11 represents a 3-dimensional scatter plot depicting the error percentage of non-overlapping pixels across the three registration approaches under study. The lowest bias was observed in the registration applied on binary masks with a recorded mean value of 0.3292. However, the outliers in the case of registration applied to masked pixels and annotations were observed to be 0.3526 and 0.3616, respectively. Therefore, the registration technique based on spatial realignment of annotations fared as the least accurate as compared to the other two. In the registration based on automatically segmented binary mask instances, the mean error of non-overlapping annotations after registration was observed to be 0.2811. Whereas, among the masked and segmented pixels, the registration exhibited a mean error of non-overlapping pixels of 0.2814.




3.7. Performance of YOLOv8l-Seg towards Prediction of Wild Radish Mask Instances


YOLOv8l-seg demonstrated an effective segmentation approach towards annotated MS images where the wild radish instances were based on pixel annotations. Figure 12 represents the model’s performance metrics recorded post-completion of the training process. The mean precision (P) calculated at the bounding box level was recorded to be 0.9127. The mean recall (R) value calculated at the bounding box level was recorded to be 0.9278. The mean average precision (mAP50 or mAP0.5) at a 50% IoU threshold, considering both the wild radish class and the background class was recorded to be 0.9332. The mean average precision (mAP50-95) across 50% to 95% IoU thresholds, considering both the wild radish class and the background class was observed to be 0.706. However, the P, R, mAP50, and the mAP50-95 in the case of binary mask predictions were observed to be 0.9021, 0.916, 0.9211, and 0.554, respectively. The confusion matrix (Figure 13) demonstrates that 98% of wild radish labels were correctly predicted with the classifier (Figure 14).





4. Discussion


Our study aimed to comprehensively evaluate three MS image registration strategies for proximal remote sensing of weeds in close-ranged MS images. These strategies were focused on harnessing SIFT and RANSAC applied towards spatial realignment of pixel annotations, registration based on binary masks, and masked pixels. These techniques enabled the registration of close-range non-georeferenced MS images acquired with MicaSense RedEdge-M sensor over 16 consequent image scenes containing wild radish weed infestation among bread wheat crops. Every scene consisted of manual acquisition across five different spectra, summing up to 80 images in total. To facilitate weed detection and segmentation from MS images, the modus operandi solicited an optimized approach for effective alignment and overlap of annotations across all registered spectral channels towards integration of the spectral information to gain more complex and detailed scene representation [35].



The decision to use a perspective transformation over an affine transformation for image registration was based on the very nature of the images being registered where significant differences in perspective or viewpoint were observed. Using perspective warping, points from one plane were mapped to another to overcome projective distortions [40]. It was observed that perspective warping could also perform all the operations of an affine transformation plus account for distortions caused by changes in viewpoint or camera position.



Section 1 discusses the overall performance of three registration strategies and elaborates on the performance of each technique with a specific focus at the spectral level. Section 2 elaborates on the performance of these techniques at the instance level across different spectra. Section 3 highlights the performance of these techniques on automatically predicted instances of wild radish. Section 4 discusses the error observed in the form of non-overlapping wild radish instances across the three underlying registration strategies. The concluding section confers the performance of the deep learning model YOLOv8l-seg towards the generation of pixel-level masks for all the detected wild radish instances.



4.1. Overall Performance of Different Registration Strategies


It was observed that registration of MS images based on the registration of binary masks was overall recorded as the best-performing technique, securing the highest mean segmentation accuracy of 0.8314 and a mean normalized correlation coefficient of 0.9059 (Figure 10, Table 2, Section 3.1). The segmentation quality was observed to be the highest in the near-infrared channel, recording a mean segmentation accuracy of 0.8726 and a mean normalized correlation coefficient of 0.9170 (Table 3, Section 3.2). The highest cumulative segmentation accuracy of 0.8614 and cumulative mean normalized correlation coefficient of 0.9252 were observed across near-infrared spectral channel, making it the most suitable spectrum for annotation purposes (Table 3, Section 3.2). Moreover, the brighter appearance of vegetation observed in near-infrared and RedEdge spectra is due to the reflectance by chlorophyll that facilitates manual annotation. This behavior is particularly due to chlorophyll, which absorbs most of the light in the visible range but is transparent to light with wavelengths above 700 nm [63,64]. Therefore, the RedEdge spectrum was chosen as a reference for all registration methods.




4.2. Performance of Registration Strategies over Individual Instances across Spectra


The registration of individual MS wild radish instances based on the registration of corresponding individual binary mask instances was found to be the most accurate method for individual instance registration. A cumulative mean segmentation accuracy of 0.9124 and a cumulative mean normalized correlation of 0.9511 were observed across instances (Table 4, Section 3.3). The green channel also recorded the overall best performance as compared to other spectral channels, where individual wild radish instances were registered to secure a mean segmentation accuracy of 0.9339 and a mean normalized correlation of 0.9658. This second-best registration for MS instances was based on the masked wild radish pixels in the red channel, recording a mean segmentation accuracy of 0.9159 and a mean normalized correlation of 0.9573, thereby making it a categorical winner in the red channel. Individual instances derived from spatially realigned pixel annotations were also observed to exhibit a fair registration potential in the green channel. The least standard deviation was observed for registration performed in the red channel. Therefore, registration of MS images based on binary masks has shown a strategic edge over the other two registration methods even when individual pixel instances were registered instead of registering a binary mask image containing multiple instances.




4.3. Performance of Registration Methods over Predicted Instances across Different Spectral Channels


The MS image registration method based on the registration of predicted binary mask instances was observed to exhibit a mean segmentation accuracy of 0.7188 and a mean normalized correlation coefficient of 0.8099. This technique performed marginally better than the method based on the registration of predicted and masked pixels, where a mean segmentation accuracy of 0.7185 and a mean normalized correlation coefficient of 0.8016 were observed (Table 5, Section 3.4). Spectacularly, the blue channel was observed to exhibit the highest mean segmentation accuracy of 0.7481 and a mean normalized correlation coefficient of 0.8525 for the registration applied to predicted binary masks. The registration applied over predicted and masked pixels depicted the highest registration accuracy, particularly in the green channel, displaying a mean segmentation accuracy of 0.7378 and a mean normalized correlation coefficient of 0.8462. Therefore, the registration of MS images based on the registration of automatic mask instance predictions indicates a marginal superiority over the registration method based on masked and predicted pixels in terms of segmentation accuracy and normalized correlation behavior.




4.4. Error Evaluations across Registration Methods


The mean absolute error percentage of non-overlapping instances observed across the three registration strategies also demonstrated a marginal superiority of the MS image registration technique based on binary masks (Figure 11, Section 3.6). This performance was subsequently followed by the method involving registration based on masked pixels and subsequently, the registration based on the spatial realignment of annotations. The MS registration method based on the registration of automatically segmented binary mask instances demonstrated a marginally lower error percentage of non-overlapping pixels, again resulting in superiority over the registration method based on masked and predicted pixels. Additionally, the least number of outliers were observed for the MS image registration method based on the registration of binary masks (Figure 10, Section 3.1). In a nutshell, the lowest error percentage of non-overlapping instances was observed for MS image registration based on the registration of automatically segmented mask instances.




4.5. Automatic Prediction of Wild Radish Instances


The YOLOv8l-seg model’s accuracy for the prediction of wild radish mask instances was recorded to be 98%. There has been a recent study on heterogeneous MS UAV (unmanned aerial vehicle) image registration for cotton leaf lesion grading, which used the EfficientDet neural network for the detection of lesion-affected pixels in true color (RGB) images, followed by SIFT + template matching-based image registration for RGB and MS images to automatically segment cotton leaf lesion [65]. The prime difference in our work with respect to this mentioned study is three registration strategies using SIFT + RANSAC to achieve registration of MS images through (i) spatial realignment of annotations, (ii) registration of binary masks, and (iii) registration of masked pixels. There has been an extensive comparison at the spectral level and individual instance level, using the aforementioned registration approaches performed on manually and automatically segmented MS images. Additionally, the nature of the imagery in our case is close-range non-georeferenced MS images, which were acquired manually at the sub-meter level. Another work, found to be partially related to our experiment, was based on the registration of close-range and non-georeferenced MS images acquired in a greenhouse environment. This work compared spectral performances across different types of geometric transformations [24]. In contrast, our activity was conducted in field conditions. Moreover, our strategy was based on registration through annotation realignment, and registration of mask instances and masked pixels using SIFT + RANSAC. Another similar experiment by [7] claimed not to make any assumptions about the scene structure and only required dense matching between two spectrally similar bands, making it applicable to imagery captured from all types of scenes, regardless of their geometric or radiometric properties. However, it seemed that its scope lacked testing over absolute sub-meter nadir imagery in a heterogeneous field environment, where the challenge of perspective distortion arises. In contrast, these issues were the primary focus of our study and were addressed through strategies based on homographic refinement for sub-centimeter-sized agricultural weeds of interest.



Figure 15 is a categorical representation of the images containing a few spectral instances and binary masks derived from registration strategies explained in this article.





5. Conclusions


The manually acquired sub-meter images with a five-band MS camera face challenges of distortion in perspectives and altitudinal jitters leading to non-overlapping features. This article compared three image registration strategies based on SIFT and RANSAC algorithms over MS images containing a heterogeneous mix of bread wheat and wild radish. These MS image registration methods were based on (1) the application of a homography matrix derived during registration to realign the annotations across different spectral channels with respect to the reference channel, (2) based on the registration of binary masks derived from the ground truth of each spectral channel with respect to the reference channel, and (3) based on the registration of only the masked pixels of interest from each spectral channel with respect to the reference channel. The results show that the registration method based on binary masks is the most accurate, followed by the methods based on masked pixels and realignment of annotation. The accuracy also varies depending on the spectral channel and the segmentation technique used. This article also reports the performance of YOLOv8l-seg towards the detection and segmentation of wild radish weed instances. Additionally, it compares the aforementioned registration techniques over manually and automatically segmented images. In the future, this could be a possible part and parcel of a deep learning pipeline focused on automatic annotation, followed by automatic registration of MS images acquired in real time. The detection accuracy recorded with mean average precision at an IoU threshold of 0.5 was observed to be 92.11% with a segmentation accuracy of 98% towards the segmentation of wild radish binary mask instances.







Author Contributions


Conceptualization, S.R.; methodology, S.R. and S.G.; software, S.R.; validation, S.R., M.C. and V.C.; formal analysis, S.R.; investigation, S.R., M.C. and V.C.; resources, S.G., P.C., F.S. and A.M.; data curation, M.C. and V.C.; writing—original draft preparation, S.R.; writing—review and editing, S.R., S.G., M.C. and P.C.; visualization, S.R., S.G. and M.C.; supervision, S.G. and P.C.; project administration, S.G., P.C., F.S. and A.M.; funding acquisition, S.G. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Data Availability Statement


The data and the code used in this research are publicly available in the Zenodo repository. The link for accessing and downloading the dataset is https://zenodo.org/records/10567784 (accessed on 29 January 2024).




Acknowledgments


Many thanks to Jordi Gene Mola, Marc Felip Pomes, and Eduard Gregorio Lopez, Department of Agricultural and Forest Engineering, University of Lleida, Spain, for providing their valuable time throughout the research.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Vuletic, J.; Polic, M.; Orsag, M. Introducing Multispectral-Depth (MS-D): Sensor Fusion for Close Range Multispectral Imaging. In Proceedings of the IEEE International Conference on Automation Science and Engineering, Mexico City, Mexico, 20–24 August 2022; pp. 1218–1223. [Google Scholar] [CrossRef]

	



Jhan, J.P.; Rau, J.Y.; Haala, N.; Cramer, M. Investigation of parallax issues for multi-lens multispectral camera band co-registration. Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci.-ISPRS Arch. 2017, 42, 157–163. [Google Scholar] [CrossRef]

	



Seidl, K.; Richter, K.; Knobbe, J.; Maas, H.-G. Wide field-of-view all-reflective objectives designed for multispectral image acquisition in photogrammetric applications. In Proceedings of the Complex Systems OCS11, Marseille, Franch, 5–8 September 2011; Volume 8172, p. 817210. [Google Scholar] [CrossRef]

	



St-Charles, P.L.; Bilodeau, G.A.; Bergevin, R. Online Mutual Foreground Segmentation for Multispectral Stereo Videos. Int. J. Comput. Vis. 2019, 127, 1044–1062. [Google Scholar] [CrossRef]

	



Wu, L.; Shang, Q.; Sun, Y.; Bai, X. A self-adaptive correction method for perspective distortions of image. Front. Comput. Sci. 2019, 13, 588–598. [Google Scholar] [CrossRef]

	



Jhan, J.-P.; Rau, J.-Y.; Haala, N. Robust and adaptive band-to-band image transform of UAS miniature multi-lens multispectral camera. ISPRS J. Photogramm. Remote Sens. 2018, 137, 47–60. [Google Scholar] [CrossRef]

	



Shahbazi, M.; Cortes, C. Seamless co-registration of images from multi-sensor multispectral cameras. Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci.-ISPRS Arch. 2019, 42, 315–322. [Google Scholar] [CrossRef]

	



MicaSense Inc. MicaSense RedEdge-MTM Multispectral Camera User Manual. 2017. Available online: https://support.micasense.com/hc/en-us/articles/115003537673-RedEdge-M-User-Manual-PDF-Legacy (accessed on 29 January 2024).

	



Kwan, C. Methods and challenges using multispectral and hyperspectral images for practical change detection applications. Information 2019, 10, 353. [Google Scholar] [CrossRef]

	



Panuju, D.R.; Paull, D.J.; Griffin, A.L. Change detection techniques based on multispectral images for investigating land cover dynamics. Remote Sens. 2020, 12, 1781. [Google Scholar] [CrossRef]

	



Parelius, E.J. A Review of Deep-Learning Methods for Change Detection in Multispectral Remote Sensing Images. Remote Sens. 2023, 15, 2092. [Google Scholar] [CrossRef]

	



Yuan, K.; Zhuang, X.; Schaefer, G.; Feng, J.; Guan, L.; Fang, H. Deep-Learning-Based Multispectral Satellite Image Segmentation for Water Body Detection. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2021, 14, 7422–7434. [Google Scholar] [CrossRef]

	



Lebourgeois, V.; Bégué, A.; Labbé, S.; Mallavan, B.; Prévot, L.; Roux, B. Can commercial digital cameras be used as multispectral sensors? A crop monitoring test. Sensors 2008, 8, 7300–7322. [Google Scholar] [CrossRef]

	



Mäkeläinen, A.; Saari, H.; Hippi, I.; Sarkeala, J.; Soukkamäki, J. 2D hyperspectral frame imager camera data in photogrammetric mosaicking. ISPRS-Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci. 2013, XL-1/W2, 263–267. [Google Scholar] [CrossRef]

	



Lowe, D.G. Object Recognition from Local Scale-Invariant Features. In Proceedings of the Seventh IEEE International Conference on Computer Vision, Kerkyra, Greece, 20–27 September 1999. [Google Scholar]

	



Lowe, D.G. Distinctive Image Features from Scale-Invariant Keypoints. Int. J. Comput. Vis. 2004, 60, 91–110. [Google Scholar] [CrossRef]

	



Liu, C.; Xu, J.; Wang, F. A Review of Keypoints’ Detection and Feature Description in Image Registration. Sci. Program. 2021, 2021, 8509164. [Google Scholar] [CrossRef]

	



Wang, H.J.; Lee, C.Y.; Lai, J.H.; Chang, Y.C.; Chen, C.M. Image registration method using representative feature detection and iterative coherent spatial mapping for infrared medical images with flat regions. Sci. Rep. 2022, 12, 7932. [Google Scholar] [CrossRef]

	



Joshi, K.; Patel, M.I. Recent advances in local feature detector and descriptor: A literature survey. Int. J. Multimed. Inf. Retr. 2020, 9, 231–247. [Google Scholar] [CrossRef]

	



Khan Tareen, S.A.; Zahra, S. A Comparative Analysis of SIFT, SURF, KAZE, AKAZE, ORB, and BRISK. In Proceedings of the International Conference on Computing, Mathematics and Engineering Technologies, Sukkur, Pakistan, 3–4 March 2018; Available online: https://ieeexplore.ieee.org/document/8346440 (accessed on 29 January 2024).

	



Sharma, S.K.; Jain, K.; Shukla, A.K. A Comparative Analysis of Feature Detectors and Descriptors for Image Stitching. Appl. Sci. 2023, 13, 6015. [Google Scholar] [CrossRef]

	



Zhang, D.; Raven, L.A.; Lee, D.J.; Yu, M.; Desai, A. Hardware friendly robust synthetic basis feature descriptor. Electronics 2019, 8, 847. [Google Scholar] [CrossRef]

	



Esposito, M.; Crimaldi, M.; Cirillo, V.; Sarghini, F.; Maggio, A. Drone and sensor technology for sustainable weed management: A review. Chem. Biol. Technol. Agric. 2021, 8, 18. [Google Scholar] [CrossRef]

	



Fernández, C.I.; Haddadi, A.; Leblon, B.; Wang, J.; Wang, K. Comparison between three registration methods in the case of non-georeferenced close range of multispectral images. Remote Sens. 2021, 13, 396. [Google Scholar] [CrossRef]

	



Bressanin, F.N.; Giancotti, P.R.F.; Parreira, M.C.; Alves, P.L.d.C.A. Influence of Raphanus raphanistrum L. Density and Relative Time of Emergence on Bean Crop. J. Agric. Sci. 2013, 5, 199. [Google Scholar] [CrossRef]

	



Kebaso, L.; Frimpong, D.; Iqbal, N.; Bajwa, A.A.; Namubiru, H.; Ali, H.H.; Ramiz, Z.; Hashim, S.; Manalil, S.; Chauhan, B.S. Biology, ecology and management of Raphanus raphanistrum L.: A noxious agricultural and environmental weed. Environ. Sci. Pollut. Res. 2020, 27, 17692–17705. [Google Scholar] [CrossRef]

	



Eslami, S.V. Ecology of Wild Radish (Raphanus Raphanistrum): Crop-Weed Competition and Seed Dormancy. Ph.D. Thesis, The University of Adelaide, Adelaide, Australia, 2006. Available online: https://digital.library.adelaide.edu.au/dspace/bitstream/2440/59619/2/02whole.pdf (accessed on 29 January 2024).

	



Boz, Ö. Economic Threshold for Wild Radish (Raphanus raphanistrum L.) Control in Wheat Fields. Turk. J. Agric. For. 2005, 29, 173–177. Available online: https://journals.tubitak.gov.tr/agriculture/vol29/iss3/3/ (accessed on 29 January 2024).

	



Somerville, G.J.; Ashworth, M.B. Adaptations in Wild Radish (Raphanus raphanistrum) flowering time. Part 2: Harvest Weed Seed Control shortens flowering by 12 days. In Weed Science; Cambridge University Press: Cambridge, UK, 2024. [Google Scholar] [CrossRef]

	



Walsh, M.J.; Owen, M.J.; Powles, S.B. Frequency and distribution of herbicide resistance in Raphanus raphanistrum populations randomly collected across the Western Australian wheatbelt. Weed Res. 2007, 47, 542–550. [Google Scholar] [CrossRef]

	



Foley, J.D.; Fischler, M.A.; Bolles, R.C. Graphics and Image Processing Random Sample Consensus: A Paradigm for Model Fitting with Applications to Image Analysis and Automated Cartography. Commun. ACM 1981, 24, 381–395. [Google Scholar]

	



Museyko, O.; Eisa, F.; Hess, A.; Schett, G.; Kalender, W.A.; Engelke, K. Binary segmentation masks can improve intrasubject registration accuracy of bone structures in CT images. Ann. Biomed. Eng. 2010, 38, 2464–2472. [Google Scholar] [CrossRef]

	



Bolya, D.; Zhou, C.; Xiao, F.; Lee, Y.J. YOLACT: Real-Time Instance Segmentation. In Proceedings of the IEEE International Conference on Computer Vision, Seoul, Republic of Korea, 27 October–2 November 2019; pp. 9156–9165. [Google Scholar] [CrossRef]

	



Szeliski, R. Image alignment and stitching: A tutorial. Found. Trends Comput. Graph. Vis. 2006, 2, 1–104. [Google Scholar] [CrossRef]

	



Zitová, B.; Flusser, J. Image registration methods: A survey. Image Vis. Comput. 2003, 21, 977–1000. [Google Scholar] [CrossRef]

	



Li, R.; Luo, L.; Zhang, Y. Multiframe Astronomical Image Registration Based on Block Homography Estimation. J. Sens. 2020, 2020, 8849552. [Google Scholar] [CrossRef]

	



Mok, T.C.W.; Chung, A.C.S. Affine Medical Image Registration with Coarse-to-Fine Vision Transformer. In Proceedings of the IEEE Computer Society Conference on Computer Vision and Pattern Recognition, New Orleans, LA, USA, 18–24 June 2022; pp. 20803–20812. [Google Scholar] [CrossRef]

	



Collins, R. Introduction to Computer Vision: Planar Homographies. 2007. Available online: https://www.cse.psu.edu/~rtc12/CSE486/lecture16.pdf (accessed on 29 January 2024).

	



Open Source Computer Vision. Basic Concepts of the Homography Explained with Code. Available online: https://docs.opencv.org/4.x/d9/dab/tutorial_homography.html#tutorial_homography_How_the_homography_transformation_can_be_useful (accessed on 18 November 2023).

	



Crannell, A.; Frantz, M.; Futamura, F. Factoring a Homography to Analyze Projective Distortion. J. Math. Imaging Vis. 2019, 61, 967–989. [Google Scholar] [CrossRef]

	



Mallon, J.; Whelan, P.F. Projective rectification from the fundamental matrix. Image Vis. Comput. 2005, 23, 643–650. [Google Scholar] [CrossRef]

	



Santana-Cedrés, D.; Gomez, L.; Alemán-Flores, M.; Salgado, A.; Esclarín, J.; Mazorra, L.; Alvarez, L. Automatic correction of perspective and optical distortions. Comput. Vis. Image Underst. 2017, 161, 1–10. [Google Scholar] [CrossRef]

	



Rana, S.; Gerbino, S.; Barretta, D.; Crimaldi, M.; Cirillo, V.; Maggio, A.; Sarghini, F. RafanoSet: Dataset of Manually and Automatically Annotated Raphanus Raphanistrum Weed Images for Object Detection and Segmentation in Heterogenous Agriculture Environment (Version 3) [Data Set]. Zenodo. 2024. Available online: https://zenodo.org/records/10567784 (accessed on 29 January 2024).

	



Aljabri, M.; AlAmir, M.; AlGhamdi, M.; Abdel-Mottaleb, M.; Collado-Mesa, F. Towards a better understanding of annotation tools for medical imaging: A survey. Multimed. Tools Appl. 2022, 81, 25877–25911. [Google Scholar] [CrossRef]

	



Nousias, G.; Delibasis, K.; Maglogiannis, I. H-RANSAC, an Algorithmic Variant for Homography Image Transform from Featureless Point Sets: Application to Video-Based Football Analytics. 2023. Available online: http://arxiv.org/abs/2310.04912 (accessed on 29 January 2024).

	



Zhang, J.; Wang, C.; Liu, S.; Jia, L.; Ye, N.; Wang, J.; Zhou, J.; Sun, J. Content-Aware Unsupervised Deep Homography Estimation. In European Conference on Computer Vision; Springer: Cham, Swizerland, 2020. [Google Scholar] [CrossRef]

	



Dhana Lakshmi, M.; Mirunalini, P.; Priyadharsini, R.; Mirnalinee, T.T. Review of feature extraction and matching methods for drone image stitching. In Lecture Notes in Computational Vision and Biomechanics; Springer: Cham, Swizerland, 2019; Volume 30, pp. 595–602. [Google Scholar] [CrossRef]

	



Jakubović, A.J.; Velagić, J.V. Image Feature Matching and Object Detection Using Brute-Force Matchers. In Proceedings of the 2018 International Symposium ELMAR, Zadar, Croatia, 16–19 September 2018. [Google Scholar] [CrossRef]

	



Kaplan, A.; Avraham, T.; Lidenbaum, M. Interpreting the Ratio Criterion for Matching SIFT Descriptors. In Lecture Notes in Computer Science; Leibe, B., Matas, J., Sebe, N., Welling, M., Eds.; Springer International Publishing: Berlin/Heidelberg, Germany, 2016; Volume 9909, pp. 697–712. [Google Scholar] [CrossRef]

	



Hartley, R.; Zisserman, A. Multiple View Geometry in Computer Vision; Cambridge University Press: Cambridge, UK, 2003. [Google Scholar]

	



Ultralytics. Instance Segmentation. Ultralytics YOLOv8 Docs. 2023. Available online: https://docs.ultralytics.com/tasks/segment/ (accessed on 29 January 2024).

	



Marques, O. Morphological Image Processing. In Practical Image and Video Processing Using MATLAB; Wiley: Hoboken, NJ, USA, 2011; pp. 299–334. [Google Scholar] [CrossRef]

	



Rahman, M.A.; Wang, Y. Optimizing Intersection-Over-Union in Deep Neural Networks for Image Segmentation; Bebis, G., Boyle, R., Parvin, B., Koracin, D., Porikli, F., Skaff, S., Entezari, A., Min, J., Iwai, D., Sadagic, A., et al., Eds.; Springer International Publishing: Berlin/Heidelberg, Germany, 2016; Volume 10072. [Google Scholar] [CrossRef]

	



Rezatofighi, H.; Tsoi, N.; Gwak, J.; Sadeghian, A.; Reid, I.; Savarese, S. Generalized Intersection over Union: A Metric and A Loss for Bounding Box Regression. arXiv 2019. Available online: http://arxiv.org/abs/1902.09630 (accessed on 29 January 2024).

	



Nanni, L.; Lumini, A.; Loreggia, A.; Formaggio, A.; Cuza, D. An Empirical Study on Ensemble of Segmentation Approaches. Signals 2022, 3, 341–358. [Google Scholar] [CrossRef]

	



Sarvaiya, J.N.; Patnaik, S.; Bombaywala, S. Image registration by template matching using normalized cross-correlation. In Proceedings of the ACT 2009—International Conference on Advances in Computing, Control and Telecommunication Technologies, Bangalore, India, 28–29 December 2009; pp. 819–822. [Google Scholar] [CrossRef]

	



Feng, Z.; Qingming, H.; Wen, G. Image matching by normalized cross-correlation. In Proceedings of the IEEE International Conference on Acoustics, Speech and Signal Processing, ICASSP 2006, Toulouse, France, 14–19 May 2006. [Google Scholar] [CrossRef]

	



Heo, Y.S.; Lee, K.M.; Lee, S.U. Robust Stereo Matching Using Adaptive Normalized Cross-Correlation. IEEE Trans. Pattern Anal. Mach. Intell. 2011, 33, 807–822. [Google Scholar] [CrossRef] [PubMed]

	



Lin, T.Y.; Maire, M.; Belongie, S.; Bourdev, L.; Girshick, R.; Hays, J.; Perona, P.; Ramanan, D.; Zitnick, C.L.; Dollár, P. Microsoft COCO: Common Objects in Context. In Computer Vision–ECCV 2014; Fleet, D., Pajdla, T., Schiele, B., Tuytelaars, T., Eds.; Lecture Notes in Computer Science; Springer: Cham, Switzerland, 2014; Volume 8693. [Google Scholar] [CrossRef]

	



Li, Y.; Zheng, D.; Liu, Y. Box-supervised dynamical instance segmentation for in-field cotton. Comput. Electron. Agric. 2023, 215, 108390. [Google Scholar] [CrossRef]

	



Nie, L.; Li, B.; Jiao, F.; Shao, J.Y.; Yang, T.; Liu, Z. ASPP-YOLOv5: A study on constructing pig facial expression recognition for heat stress. Comput. Electron. Agric. 2023, 214, 108346. [Google Scholar] [CrossRef]

	



Kulkarni, A.; Chong, D.; Batarseh, F.A. 2020. Foundations of data imbalance and solutions for a data democracy. In Data Demoicracy; Elsevier: Amsterdam, The Netherlands, 2020; pp. 83–106. [Google Scholar] [CrossRef]

	



Zeng, Y.; Hao, D.; Huete, A.; Dechant, B.; Berry, J.; Chen, J.M.; Joiner, J.; Frankenberg, C.; Bond-Lamberty, B.; Ryu, Y.; et al. Optical vegetation indices for monitoring terrestrial ecosystems globally. Nat. Rev. Earth Environ. 2022, 3, 477–493. [Google Scholar] [CrossRef]

	



Maria, K.; René, G.; Cecilie, H.; Yi, P.; Per, M.; Lis, W.; Mogens, H.G. Comparing predictive ability of laser-induced breakdown spectroscopy to visible near-infrared spectroscopy for soil property determination. Biosyst. Eng. 2017, 156, 157–172. [Google Scholar] [CrossRef]

	



Li, X.; Gao, J.; Jin, S.; Jiang, C.; Zhao, M.; Lu, M. Towards robust registration of heterogeneous multispectral UAV imagery: A two-stage approach for cotton leaf lesion grading. Comput. Electron. Agric. 2023, 212, 108153. [Google Scholar] [CrossRef]








[image: Jimaging 10 00061 g001] 





Figure 1. Overall methodology comprising of individual sub-techniques. 
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Figure 2. (a–e) Blue, green, red, near-infrared, and RedEdge instances of R. raphanistrum weed; (f) RGB instance of heterogenous mix of Triticum aestivum crop and R. raphanistrum weed. 






Figure 2. (a–e) Blue, green, red, near-infrared, and RedEdge instances of R. raphanistrum weed; (f) RGB instance of heterogenous mix of Triticum aestivum crop and R. raphanistrum weed.



[image: Jimaging 10 00061 g002]







[image: Jimaging 10 00061 g003] 





Figure 3. Locational information of the bread wheat farm in Department of Agronomy, University of Napoli Federico II (study area marked in red polygon). Source: Imagery @2020 Airbus, Maxar Technologies, Google Earth. 
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Figure 4. Methodology for homography estimation. 
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Figure 5. Structure of JSON file. 
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Figure 6. Methodology for MS image registration based on spatial realignment of pixel annotations. 
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Figure 7. Methodology for MS image registration based on registration of binary masks. 
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Figure 8. Methodology for MS image registration based on registration of masked pixels. 
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Figure 9. Methodology for training annotated MS images towards instance segmentation. 
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Figure 10. Metrics represented through 2D boxplots towards comparison of registration based on spatial realignment of annotations, binary masks, and masked pixels. (a) Mean Intersection over union for annotations, binary masks, and masked pixels; (b) normalized correlation coefficient for annotations, binary masks, and masked pixels. 






Figure 10. Metrics represented through 2D boxplots towards comparison of registration based on spatial realignment of annotations, binary masks, and masked pixels. (a) Mean Intersection over union for annotations, binary masks, and masked pixels; (b) normalized correlation coefficient for annotations, binary masks, and masked pixels.



[image: Jimaging 10 00061 g010a][image: Jimaging 10 00061 g010b]







[image: Jimaging 10 00061 g011] 





Figure 11. 3D scatterplot for comparison of registration errors observed across registration methods based on spatial realignment of annotations, binary masks, and masked pixels. 
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[image: Jimaging 10 00061 g011]







[image: Jimaging 10 00061 g012] 





Figure 12. YOLOv8l-seg performance metrics. 
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Figure 13. Confusion matrix of predicted wild radish labels. 
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Figure 14. Wild radish instances predicted using YOLOv8l-seg. 
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Figure 15. Few instances from the dataset. (a) Moving image (blue channel); (b) ground truth of moving image; (c) binary mask derived after spatial realignment of annotations; (d) registered binary mask; (e) pixels masked from ground truth; (f) binary mask derived from registered pixels; (g) reference image (RedEdge channel); (h) binary mask of reference image; (i) binary mask of one wild radish instance; (j) binary mask instances predicted with YOLOv8l-seg; (k) registered binary mask instances; (l) masked wild radish pixels (dilated); (m) masked wild radish pixels (registered). 
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Table 1. Technical Specifications of MicaSense RedEdge-M.






Table 1. Technical Specifications of MicaSense RedEdge-M.





	Spatial resolution
	0.07 cm/pixel at 1 m altitude



	Frame rate
	1 image/second



	Wavelength (nm)
	Red (668 nm), green (560 nm), blue (475 nm), near-IR (840 nm), RedEdge (717 nm)










 





Table 2. Mean values of different metrics for comparison of registration applied on annotations, binary masks, and masked pixels.






Table 2. Mean values of different metrics for comparison of registration applied on annotations, binary masks, and masked pixels.





	Method
	Intersection over Union
	Normalized Coefficient of Correlation





	Registration based on spatial realignment of annotations
	0.8055
	0.8900



	Registration applied on binary masks
	0.8314
	0.9059



	Registration applied on masked pixels
	0.8183
	0.8971










 





Table 3. Registration quality across individual spectral channels.
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Cumulative Performance

	
Spatial Realignment of Annotations

	
Registration Based on Binary Masks

	
Registration Based on Masked Pixels




	
Spectral Channels

	
IoU

	
NCC

	
IoU

	
NCC

	
IoU

	
NCC

	
IoU

	
NCC






	
Blue

	
0.8206

	
0.8996

	
0.8091

	
0.8929

	
0.8364

	
0.9094

	
0.8162

	
0.8965




	
Green

	
0.8408

	
0.9128

	
0.8266

	
0.9043

	
0.8476

	
0.9155

	
0.8481

	
0.9173




	
Red

	
0.7509

	
0.853

	
0.7415

	
0.8474

	
0.7690

	
0.8654

	
0.7421

	
0.8462




	
Near-infrared

	
0.8614

	
0.9252

	
0.8449

	
0.9155

	
0.8726

	
0.9170

	
0.8667

	
0.9284











 





Table 4. Mean values of IoU and NCC for registration applied on individual wild radish instances across all spectral bands.






Table 4. Mean values of IoU and NCC for registration applied on individual wild radish instances across all spectral bands.





	
Spectral Channels

	
Registration Based on Spatial Realignment of Annotations

	
Registration Based on Binary Masks

	
Registration Based on Masked Pixels




	

	
IoU

	
NCC

	
IoU

	
NCC

	
IoU

	
NCC






	
Blue

	
0.8962

	
0.945

	
0.8961

	
0.9453

	
0.8081

	
0.892




	
Green

	
0.8969

	
0.9457

	
0.9339

	
0.9658

	
0.7539

	
0.7539




	
Red

	
0.8894

	
0.9413

	
0.8872

	
0.9282

	
0.9159

	
0.9573




	
Near-infrared

	
0.8249

	
0.9046

	
0.9326

	
0.9652

	
0.8871

	
0.9407




	
Cumulative average

	
0.8768

	
0.9341

	
0.9124

	
0.9511

	
0.8412

	
0.8859











 





Table 5. Mean values of IoU and NCC for registration applied on predicted wild radish instances across all spectral bands.






Table 5. Mean values of IoU and NCC for registration applied on predicted wild radish instances across all spectral bands.





	Method
	IoU
	NCC





	Registration based on predicted binary masks
	0.7188
	0.8099



	Registration based on predicted and masked pixels
	0.7185
	0.8016










 





Table 6. Mean values of IoU and NCC for registration applied on predicted wild radish instances across individual spectral bands.






Table 6. Mean values of IoU and NCC for registration applied on predicted wild radish instances across individual spectral bands.





	
Spectral Channels

	
Registration Based on Predicted Binary Masks

	
Registration Based on Predicted and Masked Pixels




	

	
IoU

	
NCC

	
IoU

	
NCC






	
Blue

	
0.7481

	
0.8525

	
0.7171

	
0.8313




	
Green

	
0.7223

	
0.8357

	
0.7378

	
0.8462




	
Red

	
0.6723

	
0.8009

	
0.6751

	
0.8019




	
Near-infrared

	
0.7353

	
0.8456

	
0.7144

	
0.8298




	
Cumulative mean

	
0.7195

	
0.8336

	
0.7111

	
0.8273
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