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Sharpening of Video Frames
for Improvement of Feature Points Detection
I. I. Sidorov, S. I. Ivanov, М. А. Abramov, V. I. Petrov
Purpose. Enhancement of communications networks structured complexity makes more actual tasks of their operation stability providing in conditions of destabilizing factors. Known ways of operation stability increasing based on traffic routing using main and some reserve paths have high-level calculative complexity and cannot be executed by means of existing network environment. The purpose of the present paper is to develop methods providing localization of destabilizing factors impact in form of discrete routing areas. Methods. There has been proposed to use ways of communications network operation stability increasing, characterized by high level of calculative complexity only in areas, exposed by destabilizing factors. It allows to limit their calculative complexity by frames of this routing areas. Localization of destabilizing factors impact in form of discrete routing areas is based on method of strong connected graph areas definition and using of Lance-Williams hierarchical clustering algorithm in view of specific communications network functioning. There has been proposed value of discrete metrics variations as criterion of destabilizing factors impact on communications networks. Criterion of clustering process stop is achievement of certain stability value in terms of direction of the relationship coherence probability. Novelty. Elements of novelty in presented method are using of Lance-Williams hierarchical clustering algorithm in progress of communication network decomposition and accounting of destabilizing factors impact by means of communication network graph edges metrics variation. A side from novelty element is new clustering criterion taking into account the destabilizing factors impact on communication network elements. Results. Using of presented method comprising in destabilizing factors impact localization in the form of single routing areas allows to decrease calculative demands in the context of random access memory proportionally number of obtained clusters and provide adjusted level of network stability not less than one in terms of direction of the relationship coherence probability. Modeling in thirty- node network in conditions of destabilizing factors impact on 20% of channels showed ability of network partition to 5 clusters, reduction of Dijkstra routing algorithm laboriousness in 4,5 times taking into account the required storage routing tables memory comparatively with network without clustering and equal indicator of relationship coherence probability at the level of 0,95. Practical relevance. Presented method is proposed to realize in router software on the basis of Open Flow protocol for software-configurable SDN networks. Realization on the basis of Open Flow allows to carry out adaptive dynamic reconfiguration of routing areas and protocols in network in detection of destabilizing factors impact on network elements.
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Introduction
One of the base problems of modern computer vision is a visual tracking. In particular, visual SLAM (Simultaneous Localization and Mapping) and odometry apply tracking of landmarks (or feature points) for pose detection [1]. Systems based on visual monocular or stereo SLAM are intended for robotics, augmented reality and navigation. However, current realizations of such systems lack the robustness needed to be useful in real life outside laboratory conditions. A tracking relies on a prior landmarks over a current video frame. Feature points have to be detected, matched and tracked frame-to-frame. The loss of a large number of tracks on successive frames leads to fail of a camera pose estimation and map creation, some computer vision applications are able to survive after break in tracking, but for visual SLAM and odometry it can be fatally.

There are a lot of causes which prevent keypoints detection and interrupt tracking, among them are sharp brightness alteration, motion blur due to rapid camera motion as well as movement of foreground or background regions, out-of-focus due to autofocusing/refocusing of optical system, handshaking, etc. A reducing of impact of such defects on video is actual problem in order to do visual SLAM applications more stable. Among mentioned above deformities, overcoming of motion blur is discussed in publications mainly. In the paper we concentrate on enhancement of video that comprises of sequences of frames affected by blur due to refocusing of camera optical unit. That case is typical when smartphone is used for indoor navigation by means of visual SLAM or odometry. Periodically depending on scene camera of smartphone tries to adjust focus, and it leads to blurring of several successive frames. Usually majority of tracks are interrupted on the blurred frames.

The aim of our study is to try to find answers on the following issues:

· How does blurriness affect on feature point detection and tracking?

· Is it possible to improve feature point detection on blurred video via detector parameters adjustment? 

· Which is detector more robust for keypoints detection on blurred image?

· Is able a sharpening technique improve feature points detection?

· Which is a sharpening method perform better for that task?

Nowadays there are a lot of algorithms for calculation of feature points and local descriptors of images. Nonetheless, mobile and embedded systems require techniques which are capable to provide low power consumption, it is connected directly with low computational complexity. In practical application computationally inexpensive Harris corner detector and FAST method are used frequently rather more complex algorithms, such as SIFT, SURF, MSER, etc. Moreover, paper [2] demonstrates for visual SLAM task: in general Harris detector performs comparable or better to other interest point detectors and descriptors. In the paper we examine an influence of blurriness on Harris corner detector [3] and FAST technique [4] as well as propose an approach for improvement of detection of feature points by means of a sharpening of video frames. Figure 1 illustrates our concept.
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Fig. 1. Sharpening of blurred frames improves tracking of landmarks

Related works
In the best of our knowledge, we do not familiar with publications devoted to issues connected with feature point detection on blurred frames due to refocusing of camera optics. Some relation to considering problem has studies which invent interest point detectors which are invariant to blurring. However such detectors have a high computational complexity, for instance, paper [5] describes detector based on Gabor multi-scale space. 

The fact that number of detected features degrades with growing of blurriness may be used for construction of non-reference sharpness metric. Paper [6] poses a blind blurriness assessment comprising of the following stages: extraction Harris corner feature points from the blurred image and re-blurred image, then the two feature point maps are divided into blocks to generate block-wise maps and are combined to the feature point quantity similarity map, finally, an overall blurriness estimation is calculated by pooling of the similarity and visual saliency maps. The general idea of such approach is close to non-reference metric proposed by Crete [7], it is interesting to compare those two evaluation techniques. In any case, both methods allow to estimate sharpness of video frame. 

As it is mentioned above, majority of existing publications are considering a performing of visual SLAM in a presence of motion blur.  In [8] camera motion and 3D map are reconstructed by SLAM based on a few number of landmarks, and the information makes the estimation of motion blur. The blurred images are recovered by Lucy-Richardson deconvolution, and additional feature points are extracted from the restored image in order to repeat SLAM with a greater number of keypoints. So, SLAM and motion deblurring help each other. The approach has hard limitation: at least several landmarks have to be tracked for motion estimation. More practical way is a usage of inertial sensors for measuring of camera movement as it is suggested in [9]. A good camera movement estimation allows deblurring of frames affected by motion blur, but in the case of out of focus frames due to camera refocusing the approach does not work, it is necessary to obtain information directly from optical unit in order to do possible performing of deblurring.

It is worth mention dense tracking approach that becomes more and more popular nowadays. Paper [10] suggests to match regions by blurring of sharp image instead of deblurring of blur image and matching of sparse feature points. Method from the paper is intended for video with motion blur. Actually, it is good way for matching in the case of a lot of various video deformations, if you do not pay attention to a huge computational complexity. Nevertheless, an applicability of such approach for frames smoothed by Gaussian blur is questionable.

Figure of merit

We need in a figure of merit (or a quality criterion) in order to be able to estimate numerically influence of blurring and sharpening on feature point detection, matching and tracking. First of all, we selected several video files which do not contain blurred frames. For our experiments we borrowed fragments of two outdoor video from the KITTI Vision Benchmark Suite [11]. The dataset is intended for a lot of computer vision problems including visual odometry. The two test patterns are designated below as Video 1 and Video 2. Video 3 was captured by smartphone Samsung Galaxy S5. The video simulates an indoor navigation. Figure 1 shows several frames of Video 3. Each test pattern has duration about 10 s.

Next, we captured dozens of real HD video by cameras of various smartphones and searched frames which are blurred due to refocusing of optical system. The investigation of such frames revealed: a typical refocusing durations are less 1 s; smoothing of each separate frame can be modeled by a Gaussian blur; a variance of Gaussian blur grows almost linearly up to 7, after that it falls to 0. Based on those facts we distort our test video files as a sequence of refocusing procedures. Figure 2 illustrates our modelling of a given type of blur. Ti and variance of each refocusing chunk vary in the ranges [0.5, 1] s and [5, 7] correspondingly.
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Fig. 2. Refocusing simulation for video frames
Long tacks are preferable for visual SLAM and odometry, we take into account tracks with length greater than 10 that is tracks which we are able to track during 10 frames in sequence. For matching of interest points in adjacent frames Sum of Absolute Differences (SAD) of blocks 13×13 is used. We calculate tracks for initial good quality video and check presence the same tracks (or their long pieces) on distorted video. It is possible to have a small offset between corresponding key points when we compare tracks of initial and blurred video frames. We propose figure of merit as ratio of cumulative sum of lengths of long tracks of blurred video to cumulative sum of lengths of long tracks of initial video, whereas tracks on distorted video have to correspond to tracks on initial one:
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where Pk is length of kth track of processed pattern, Ei is length of ith track of initial video.
For unprocessed or completely restored video Q=100%, for fatally distorted frames Q=0%. One can argue with proposed criterion, because it does not take into account new tracks which absence on initial frames and appear on processed ones. Theoretically it is true statement. However, in practice a number of such new tracks is negligibly small. In general, proposed figure of merit coincides with our subjective assessments.

Feature points detection on blurred video

We estimated how that type of blur acts on detection of Harris corner and FAST keypoints. As we expected, a few number of interest points can be detected only. Tables below demonstrates that it is impossible to adjust of detectors thresholds TH and TF for Harris and FAST detectors accordingly in order to improve detection capability. Harris corner detector is a little bit more robust to blur than FAST. About 10% of tracks are survived for Harris corner detector that corresponds to about two dozen of tracks per video. Is it enough for visual SLAM/odometry? We have doubt. In the next chapters we try to improve situation by means of sharpening filters.

Table 1 – Figure of merit Q for Harris detector on blurred video

	TH
	Video 1
	Video 2
	Video 3

	0,05
	6,47
	9,76
	15,78

	0,08
	5,22
	8,64
	14,20

	0,11
	5,12
	7,86
	15,38

	0,14
	4,89
	7,90
	13,20

	0,17
	6,54
	8,79
	12,67

	0,2
	5,68
	7,94
	12,87


Table 2 – Figure of merit Q for FAST detector on blurred video

	TF
	Video 1
	Video 2
	Video 3

	35
	1,75
	5,29
	5,29

	45
	0,89
	2,60
	3,69

	55
	0,56
	1,17
	2,89

	65
	2,09
	0,36
	1,06

	75
	0
	0,14
	0,32

	85
	0
	0
	0


Sharpening algorithm
In spite of big advances of image restoration techniques, deconvolution algorithms are too slow for real-time video processing. Methods of image enhancements are more practical. Paper [12] proposes joint application of two image enhancement filters:

· Unsharp Mask (UM) via bilateral filter increases local contrast on the ends of edge transition slope;

· Local Tone Mapping (LTM) with an ordering decreases edge transition slope length.

We adopted those two filters for sharpening of video. At first, an ordering in [12] is intended for processing of noisy images. Video for visual SLAM has a low noise level. Thus, we can drop an ordering, it give a positive impact on processing speed. At second, we add modification of color channels that follows after sharpening of brightness image. Brightness channel is calculated as:
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where (x, y) is pixel coordinate, R, G and B are color channels of an image.

In LTM filter a square sliding window moves throughout a frame, and each pixel of Y is transformed by means of locally adaptive S-shaped curve:
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where 
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 L(x,y) is minimal from Y(x,y) in local window 
[x–RLTM, y–RLTM, x+RLTM, y+RLTM], H(x,y) is maximal form Y(x,y), TLTM is threshold for preventing processing of flat regions.
In contrast to a classical bilateral filter [13], that uses Gaussians as spatial kernel and photometric distance (or edge-stop function), we propose application of flat spatial kernel and edge-stop function, that on the one hand is similar to Gaussian and on the other hand does not tend to zero so rapidly. The filter blurs edges stronger in comparison with classical bilateral filter and weaker than a Gaussian smoothing. It prevent forming of halo-artifact that is typical for a conventional unsharp mask technique. 

Our modification of a bilateral filter is calculated according to the following formulae:
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(5)
where S is size of spatial kernel (or sliding window), D is photometric distance, that is calculated as:
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LTM and UM filters can be used independently from each other. However joint application of both filters is capable provide a better outcomes. It is preferable to apply LTM before UM. 

Finally, we need to make conversion of gray channel processed by sharpening filters to color image, because matching of feature points is carried out for color frames. Paper [14] poses a simple approach that preserves ratios between RGB channels with each other, accordingly the following expressions do not change hue and saturation of the processed color image in comparison with initial one:
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where Ye is Y processed by sharpening filters. 

Results

We processed our three blurred patterns by LTM, UM and combination (LTM+UM) of this filters with the following parameters: RLTM =15, TLTM=7, S=22, k=105 and TUM =7. Such parameters ensure good visual quality of corrected video. Table below contains obtained outcomes for Harris corner and FAST detectors. For Harris corner detector an impact of LTM and UM is approximately equal. For FAST detector an impact of UM filter is in several times more in comparison with LTM. In both cases combination of LTM and UM filters provides a better results in comparison with outcomes of each separate filter.
Table 3 – Criterion Q for keypoints detectors on improved video

	
	Harris corner
	FAST

	
	LTM
	UM
	LTM+UM
	LTM
	UM
	LTM+UM

	Video 1
	8,04
	8,52
	13,25
	6,45
	18,89
	21,76

	Video 2
	11,30
	8,08
	12,89
	5,45
	17,30
	28,56

	Video 3
	14,72
	13,96
	17,75
	1,99
	12,65
	23,20


It is important to compare Q for blurred and sharpened video. Diagram on figure 5 allows doing that. In general, we can conclude: sharpening is unable to improve blurred video for Harris detector significantly; contrary, sharpening can improve detection ability of FAST detector in several times. Application of sharpening restores about 25% long tracks. In absolute numbers it corresponds to hundreds of tracks per 10 s of video. We ask ourselves again: is it enough for visual SLAM/odometry? It is hard to answer surely, but it should work in the most cases, although, it is not guarantee an appropriate improvement always.
Discussion and Future work

Our study demonstrates that sharpening is able to improve FAST feature points detection for blurred video due to refocusing of camera optical system. Of course, sharpening is a palliative solution that is unable to restore strongly blurred images. Nevertheless we encourage application of sharpening as preprocessing stage in visual SLAM and odometry tasks, where a break in tracking leads to inconsistency of algorithms often.
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Figure 5. Impact of blur and sharpening on feature detection

Additional research is necessary for various sharpening algorithms as well as different feature points and descriptors. In particular, we revealed that increasing of amplification factor k of UM filter leads to growing of Q for both analyzed feature points algorithms, but video becomes to be unpleasant visually. Other topical problem is reduction of influence on feature points detection other types of blurriness including motion blur. According to our preliminary experiments, sharpening a little bit helps in the case of motion blur too. However, a deeper research is necessary. In the future we are going to investigate much more test video files for various types of blur as well as several sharpening techniques including adaptive approaches, where filter parameters are adjusted depending on blurriness of image. Also, an actual research subject is development of novel blind sharpness metrics based on feature points.
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УДК 004.932
Повышение резкости видеокадров
для улучшения обнаружения ключевых точек
Сидоров И. И., Иванов С. И., Абрамов М. А., Петров В. И.
Постановка задачи: увеличение структурной сложности сетей связи актуализирует вопросы обеспечения их устойчивости к воздействиям дестабилизирующих факторов. Известные способы повышения устойчивости, основывающиеся на маршрутизации информационных потоков по основному и нескольким резервным путям, обладают высокой вычислительной сложностью и не могут быть реализованы на основе существующего телекоммуникационного оборудования. Целью работы является локализация воздействия дестабилизирующих факторов в виде отдельных областей маршрутизации. Предлагается применять способы повышения устойчивости сети связи с высокой вычислительной сложностью только в отдельных областях маршрутизации, подвергшихся воздействию дестабилизирующих факторов, что позволит ограничить их вычислительную сложность границами этих областей. Используемые методы: решение задачи локализации воздействий дестабилизирующих факторов в виде отдельных областей маршрутизации основано на использовании метода определения сильносвязных областей графа и алгоритма иерархической кластеризации Ланса-Вильямса с учетом специфики функционирования сетей связи. В качестве критерия воздействия дестабилизирующих факторов на сеть связи предложено использовать уровень изменения метрик отдельных каналов связи. Критерием остановки процесса кластеризации является достижение в кластере заданного уровня устойчивости по показателю вероятности связности информационного направления связи. Новизна: элементами новизны представленного решения являются использование при декомпозиции сети связи алгоритма иерархической кластеризации Ланса-Вильямса и учет воздействия деструктивных факторов через параметры изменения метрики ребер графа сети. Также к элементам новизны стоит отнести новый критерий кластеризации, учитывающий воздействия деструктивных факторов на элементы сети. Результат: использование представленного решения по локализации воздействия дестабилизирующих факторов в виде отдельных областей маршрутизации позволяет снизить вычислительные требования по объему оперативной памяти пропорционально количеству полученных кластеров, а также обеспечить заданный уровень устойчивости сети на уровне не ниже заданного по показателю вероятность связности направления связи. Проведенное моделирование для сети из 30 узлов при деструктивном воздействии на 20% каналов связи показало возможность разбиения сети на 5 кластеров, снижение трудоемкости применения алгоритма маршрутизации Дейкстры в 4,5 раза по показателю требуемого объема памяти для хранения маршрутных таблиц относительно сети без кластеризации, при равном показателе вероятности связности направления связи, заданном на уровне 0,95. Практическая значимость: представленное решение предлагается реализовать в виде математического обеспечения маршрутизаторов на основе протокола OpenFlow для программно-конфигурируемых сетей SDN. Реализация на основе OpenFlow позволит осуществлять адаптивную динамическую реконфигурацию областей и протоколов маршрутизации в сети связи при обнаружении воздействий дестабилизирующих факторов на ее элементы.
Ключевые слова: повышение резкости, детектор особых точек FAST, детектор углов Харриса, локальное преобразование тонов, фильтр нерезкого маскирования.
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