
ORB-SLAM
(Simultaneous Localization And Mapping)



ORB （ Oriented FAST and Rotated BRIEF ）是是 Oriented FAST + Rotated BRIEF 的缩写，是一种快速鲁棒的局部特征检测器，最早由 Ethan Rublee 等人在 2011 年提出，可以将其用于对象识别或 3DD 重建等计算机视觉任务。它基于FAST 关键点检测器和可视描述符 Brief 的修改版本，比 SIFT 快两个数量级。 ORB 是目前最快速稳定的特征点检测和提取算法，许多图像拼接和目标追踪技术利用 ORB 特征进行实现。
ORB 的关键点是在 FAST （ Features from Accelerated Segments Test ）是关键点基础上进行了改进，主要是增加了特征点的主方向，称之为 Oriented FAST 。描述子是在 BRIEF （ Binary Robust Independent Elementary Features ）是描述子基础上加入了上述方向信息，称之为 Rotated BRIEF 。
ORB = Oriented FAST （特征点）是 + Rotated BRIEF （特征描述）是

Oriented FAST and rotated BRIEF (ORB)



FAST ：若某像素与其周围领域内足够多的像素点相差较大，则该像素若某像素与其周围领域内足够多的像素点相差较大，则该像素可能是特征点。
Step1: 确定候选角点（ Segment Test ）是

FAST



FAST



Step2: 非极大值抑制
经过 Step 1 的海选后，还是会有很多个特征点。很可能大部分检测出来的点彼此之间相邻，要去除一部分这样的点，可以采用非最大值抑制的算法：若某像素与其周围领域内足够多的像素点相差较大，则该像素
• 假设 P ， Q 两个点相邻，分别计算两个点与其周围的 16 个像素点之间的差分和为 V 。
• 去除 V 值较小的点，即把非最大的角点抑制掉。

FAST



尺度不变性：若某像素与其周围领域内足够多的像素点相差较大，则该像素1. 对图像做不同尺度的高斯模糊2. 对图像做降采样 ( 隔点采样 )3D. 对每层金字塔做 FAST 特征点检测4. n 幅不同比例的图像提取特征点总和作为这幅图像的 oFAST 特征点。

Oriented FAST



尺度不变性：若某像素与其周围领域内足够多的像素点相差较大，则该像素1. 对图像做不同尺度的高斯模糊2. 对图像做降采样 ( 隔点采样 )3D. 对每层金字塔做 FAST 特征点检测4. n 幅不同比例的图像提取特征点总和作为这幅图像的 oFAST 特征点。

Oriented FAST



RIEF 是 2010 年的一篇名为《 BRIEF:Binary Robust Independent Elementary Features 》的文章中提出， BRIEF 是对已检测到的特征点进行描述，它是一种二进制编码的描述子，摈弃了利用区域灰度直方图描述特征点的传统方法，采用二级制、位异或运算，大大的加快了特征描述符建立的速度，同时也极大的降低了特征匹配的时间，是一种非常快速，很有潜力的算法。

BRIEF



BRIEF



Rotated BRIEF



• FAST 是用来寻找特征点的。 ORB 在 FAST 基础上通过金字塔、质心标定解决了尺度不变和旋转不变。即 oFAST 。
• BRIEF 是用来构造描述子的。 ORB 在 BRIEF 基础上通过引入 oFAST 的旋转角度和机器学习解决了旋转特性和特征点难以区分的问题。即 rBRIEF.

Oriented FAST and rotated BRIEF (ORB) 总结



• Monocular Visual Simultaneous Localization and Mapping

视觉 SLAM 示例



Visual simultaneous localization and mapping (vSLAM), refers to the process of calculating the position and orientation of a camera with respect to its surroundings, while simultaneously mapping the environment. The process uses only visual inputs from the camera. Applications for vSLAM include augmented reality, robotics, and autonomous driving.This example shows how to process image data from a monocular camera to build a map of an indoor environment and estimate the trajectory of the camera. The example uses ORB-SLAM, which is a feature-based vSLAM algorithm. 

Monocular Visual Simultaneous Localization and Mapping



The following terms are frequently used in this example:
• Key Frames: A subset of video frames that contain cues for localization and tracking. Two consecutive key frames usually involve sufficient visual change.
• Map Points: A list of 3-D points that represent the map of the environment reconstructed from the key frames.
• Covisibility Graph: A graph consisting of key frame as nodes. Two key frames are connected by an edge if they share common map points. The weight of an edge is the number of shared map points.
• Essential Graph: A subgraph of covisibility graph containing only edges with high weight, i.e. more shared map points.
• Place Recognition Database: A database used to recognize whether a place has been visited in the past. The database stores the visual word-to-image mapping based on the input bag of features. It is used to search for an image that is visually similar to a query image. 

Glossary



Overview of ORB-SLAM



The ORB-SLAM pipeline includes:
• Map Initialization: ORB-SLAM starts by initializing the map of 3-D points from two video frames. The 3-D points and relative camera pose are computed using triangulation based on 2-D ORB feature correspondences. 
• Tracking: Once a map is initialized, for each new frame, the camera pose is estimated by matching features in the current frame to features in the last key frame. The estimated camera pose is refined by tracking the local map.
• Local Mapping: The current frame is used to create new 3-D map points if it is identified as a key frame. At this stage, bundle adjustment is used to minimize reprojection errors by adjusting the camera pose and 3-D points.  
• Loop Closure: Loops are detected for each key frame by comparing it against all previous key frames using the bag-of-features approach. Once a loop closure is detected, the pose graph is optimized to refine the camera poses of all the key frames.

Overview of ORB-SLAM



The data used in this example are from the TUM RGB-D benchmark.baseDownloadURL = 'https://vision.in.tum.de/rgbd/dataset/freiburg3/rgbd_dataset_freiburg3_long_office_household.tgz'; dataFolder      = fullfile(tempdir, 'tum_rgbd_dataset', filesep); options         = weboptions('Timeout', Inf);tgzFileName     = [dataFolder, 'fr3_office.tgz'];folderExists    = exist(dataFolder, 'dir');
Create a folder in a temporary directory to save the downloaded fileif ~folderExists      mkdir(dataFolder);     disp('Downloading fr3_office.tgz (1.38 GB). This download can take a few minutes.')     websave(tgzFileName, baseDownloadURL, options);         Extract contents of the downloaded file    disp('Extracting fr3_office.tgz (1.38 GB) ...')     untar(tgzFileName, dataFolder); end

Download and Explore the Input Image Sequence



Create an imageDatastore object to inspect the RGB images.imageFolder   = ["./",'rgbd_dataset_freiburg3_long_office_household/rgbd_dataset_freiburg3_long_office_household/rgb/'];imds          = imageDatastore(imageFolder);
Inspect the first imagecurrFrameIdx = 1;currI = readimage(imds, currFrameIdx);himage = imshow(currI);

Download and Explore the Input Image Sequence



The ORB-SLAM pipeline starts by initializing the map that holds 3-D world points. This step is crucial and has a significant impact on the accuracy of final SLAM result. Initial ORB feature point correspondences are found using matchFeatures between a pair of images. After the correspondences are found, two geometric transformation models are used to establish map initialization:
• Homography: If the scene is planar, a homography projective transformation is a better choice to describe feature point correspondences. 
• Fundamental Matrix: If the scene is non-planar, a fundamental matrix must be used instead.

Map Initialization



The homography and the fundamental matrix can be computed using estimateGeometricTransform2D and estimateFundamentalMatrix, respectively. The model that results in a smaller reprojection error is selected to estimate the relative rotation and translation between the two frames using relativeCameraPose. Since the RGB images are taken by a monocular camera which does not provide the depth information, the relative translation can only be recovered up to a specific scale factor.    
Given the relative camera pose and the matched feature points in the two images, the 3-D locations of the matched points are determined using triangulate function. A triangulated map point is valid when it is located in the front of both cameras, when its reprojection error is low, and when the parallax of the two views of the point is sufficiently large.

Map Initialization



Map Initialization



Supporting Functions



Map Initialization



Map Initialization
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Supporting Functions



if isMapInitialized    close(himage.Parent.Parent); Close the previous figure    Show matched features    hfeature = showMatchedFeatures(firstI, currI, prePoints(indexPairs(:,1)), ...        currPoints(indexPairs(:, 2)), 'Montage');else    error('Unable to initialize map.')end

Map Initialization



After the map is initialized using two frames, you can use imageviewset, worldpointset and helperViewDirectionAndDepth to store the two key frames and the corresponding map points:
• imageviewset stores the key frames and their attributes, such as ORB descriptors, feature points and camera poses, and connections between the key frames, such as feature points matches and relative camera poses. It also builds and updates a pose graph. The absolute camera poses and relative camera poses of odometry edges are stored as rigid3d objects. The relative camera poses of loop-closure edges are stored as affine3d objects.
• worldpointset stores 3-D positions of the map points and the 3-D into 2-D projection correspondences: which map points are observed in a key frame and which key frames observe a map point.
• helperViewDirectionAndDepth stores other attributes of map points, such as the mean view direction, the representative ORB descriptors, and the range of distance at which the map point can be observed.

Store Initial Key Frames and Map Points



Store Initial Key Frames and Map Points



helperViewDirectionAndDepth 
helperViewDirectionAndDepth Object for storing view direction and depthUse this object to store map points attributes, such as view direction, predicted depth range, and the ID of the major view that contains the representative feature descriptor.
viewAndDepth = helperViewDirectionAndDepth(numPoints) returns a  helperViewDirectionAndDepth object. 
  helperViewDirectionAndDepth properties:  ViewDirection       - An M-by-3 matrix representing the view direction  MaxDistance         - An M-by-1 vector representing the maximum scale invariant distance   MinDistance         - An M-by-1 vector representing the minimum scale invariant distance   MajorViewId         - An M-by-1 vector containing the Id of the major view that contains the                                      representative feature descriptor   MajorFeatureIndex   - An M-by-1 vector containing the index of the representative feature in the                                           major view 



helperViewDirectionAndDepth 



helperViewDirectionAndDepth 



Loop detection is performed using the bags-of-words approach.  A visual vocabulary represented as a bagOfFeatures object is created offline with the ORB descriptors extracted from a large set of images in the dataset by calling:bag = bagOfFeatures(imds,'CustomExtractor', @helperORBFeatureExtractorFunction, 'TreeProperties', [5, 10], 'StrongestFeatures', 1);where imds is an imageDatastore object storing the training images and helperORBFeatureExtractorFunction is the ORB feature extractor function. See Image Retrieval with Bag of Visual Words for more information. The loop closure process incrementally builds a database, represented as an invertedImageIndex object, that stores the visual word-to-image mapping based on the bag of ORB features.Load the bag of features data created offlinebofData         = load('bagOfFeaturesDataSLAM.mat');
Initialize the place recognition databaseloopDatabase    = invertedImageIndex(bofData.bof,"SaveFeatureLocations", false);
Add features of the first two key frames to the databaseaddImageFeatures(loopDatabase, preFeatures, preViewId);addImageFeatures(loopDatabase, currFeatures, currViewId);

Initialize Place Recognition Database



Refine the initial reconstruction using bundleAdjustment, that optimizes both camera poses and world points to minimize the overall reprojection errors. After the refinement, the attributes of the map points including 3-D locations, view direction, and depth range are updated. You can use helperVisualizeMotionAndStructure to visualize the map points and the camera locations. 

Refine and Visualize the Initial Reconstruction



Refine and Visualize the Initial Reconstruction





Refine and Visualize the Initial Reconstruction



Visualize initial map points and camera trajectorymapPlot       = helperVisualizeMotionAndStructure(vSetKeyFrames, mapPointSet);
Show legendshowLegend(mapPlot);

Refine and Visualize the Initial Reconstruction



Visualize initial map points and camera trajectorymapPlot       = helperVisualizeMotionAndStructure(vSetKeyFrames, mapPointSet);
Show legendshowLegend(mapPlot);

helperVisualizeMotionAndStructure



helperVisualizeMotionAndStructure



helperVisualizeMotionAndStructure



The tracking process is performed using every frame and determines when to insert a new key frame. To simplify this example, we will terminate the tracking process once a loop closure is found.ViewId of the current key framecurrKeyFrameId   = currViewId;
ViewId of the last key framelastKeyFrameId   = currViewId;
Index of the last key frame in the input image sequencelastKeyFrameIdx  = currFrameIdx - 1; 
Indices of all the key frames in the input image sequenceaddedFramesIdx   = [1; lastKeyFrameIdx];
isLoopClosed     = false;

Tracking



Each frame is processed as follows:1. ORB features are extracted for each new frame and then matched (using matchFeatures), with features in the last key frame that have known corresponding 3-D map points. 2. Estimate the camera pose with the Perspective-n-Point algorithm using estimateWorldCameraPose.3D. Given the camera pose, project the map points observed by the last key frame into the current frame and search for feature correspondences using  matchFeaturesInRadius. 4. With 3-D to 2-D correspondence in the current frame, refine the camera pose by performing a motion-only bundle adjustment using bundleAdjustmentMotion. 5. Project the local map points into the current frame to search for more feature correspondences using matchFeaturesInRadius and refine the camera pose again using bundleAdjustmentMotion. 6. The last step of tracking is to decide if the current frame is a new key frame. If the current frame is a key frame, continue to the Local Mapping process. Otherwise, start Tracking for the next frame. 

Tracking



Tracking



If tracking is lost because not enough number of feature points could be matched, try inserting new key frames more frequently.
Tracking



If tracking is lost because not enough number of feature points could be matched, try inserting new key frames more frequently.
helperTrackLastKeyFrame



helperTrackLastKeyFrame



helperTrackLastKeyFrame



helperTrackLocalMap



Local mapping is performed for every key frame. When a new key frame is determined, add it to the key frames and update the attributes of the map points observed by the new key frame. To ensure that mapPointSet contains as few outliers as possible, a valid map point must be observed in at least 3 key frames. New map points are created by triangulating ORB feature points in the current key frame and its connected key frames. For each unmatched feature point in the current key frame, search for a match with other unmatched points in the connected key frames using matchFeatures. The local bundle adjustment refines the pose of the current key frame, the poses of connected key frames, and all the map points observed in these key frames.

Local Mapping



Local Mapping



Loop Closure



Loop Closure



Loop Closure



Loop Closure



The loop closure detection step takes the current key frame processed by the local mapping process and tries to detect and close the loop.  Loop candidates are identified by querying images in the database that are visually similar to the current key frame using evaluateImageRetrieval. A candidate key frame is valid if it is not connected to the last key frame and three of its neighbor key frames are loop candidates. When a valid loop candidate is found, use estimateGeometricTransform3D to compute the relative pose between the loop candidate frame and the current key frame. The relative pose represents a 3-D similarity transformation stored in an affine3d object. Then add the loop connection with the relative pose and update mapPointSet and vSetKeyFrames.

Loop Closure



Loop Closure



Loop Closure



Loop Closure



Loop Closure



Loop Closure



Loop Closure



Loop Closure



Finally, a similarity pose graph optimization is performed over the essential graph in vSetKeyFrames to correct the drift of camera poses. The essential graph is created internally by removing connections with fewer than minNumMatches matches in the covisibility graph. After similarity pose graph optimization, update the 3-D locations of the map points using the optimized poses and the associated scales.

Loop Closure



helperUpdateGlobalMap



You can compare the optimized camera trajectory with the ground truth to evaluate the accuracy of ORB-SLAM. The downloaded data contains a groundtruth.txt file that stores the ground truth of camera pose of each frame. The data has been saved in the form of a MAT-file. You can also calculate the root-mean-square-error (RMSE) of trajectory estimates. Load ground truth gTruthData = load('orbslamGroundTruth.mat');gTruth     = gTruthData.gTruth;
Plot the actual camera trajectory plotActualTrajectory(mapPlot, gTruth(addedFramesIdx), optimizedPoses);
Show legendshowLegend(mapPlot);

Compare with the Ground Truth



Compare with the Ground Truth





This concludes an overview of how to build a map of an indoor environment and estimate the trajectory of the camera using ORB-SLAM. You can test the visual SLAM pipeline with a different dataset by tuning the following parameters:
• numPoints: For image resolution of 480x640 pixels set numPoints to be 1000. For higher resolutions, such as 720 × 1280, set it to 2000. Larger values require more time in feature extraction.
• numSkipFrames: For frame rate of 30fps, set numSkipFrames to be 20. For a slower frame rate, set it to be a smaller value. Increasing numSkipFrames improves the tracking speed, but may result in tracking lost when the camera motion is fast.

Compare with the Ground Truth



Short helper functions are included below. Larger function are included in separate files.
• helperAddLoopConnections add connections between the current keyframe and the valid loop candidate.
• helperAddNewKeyFrame add key frames to the key frame set.
• helperCheckLoopClosure detect loop candidates key frames by retrieving visually similar images from the database.
• helperCreateNewMapPoints create new map points by triangulation.
• helperLocalBundleAdjustment refine the pose of the current key frame and the map of the surrrounding scene.
• helperORBFeatureExtractorFunction implements the ORB feature extraction used in bagOfFeatures.
• helperTrackLastKeyFrame estimate the current camera pose by tracking the last key frame.
• helperTrackLocalMap refine the current camera pose by tracking the local map.
• helperViewDirectionAndDepth store the mean view direction and the predicted depth of map points
• helperVisualizeMatchedFeatures show the matched features in a frame.
• helperVisualizeMotionAndStructure show map points and camera trajectory.
• helperDetectAndExtractFeatures detect and extract and ORB features from the image.

Supporting Functions



%Monocular Visual Simultaneous Localization and MappingopenExample('vision/MonocularVisualSimultaneousLocalizationAndMappingExample')

SLAM 示例代码
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