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Abstract 

Wide-field optical imaging techniques constitute powerful tools to sample and study mesoscale 

neuronal activity. The sampled data constitutes a sequence of image frames in which one can 

perceive the flow of brain activity starting and terminating at source and sink locations 

respectively. The most common data analyses include qualitative assessment to identify sources 

and sinks of activity as well as their trajectories. The quantitative analyses is mostly based on 

computing the temporal variation of the intensity of pixels while a few studies have also reported 

estimates of wave motion using optical-flow techniques from computer vision. A comprehensive 

toolbox for the quantitative analyses of mesoscale brain activity data however is still missing. We 

present a graphical-user-interface based Matlab® toolbox for investigating the spatiotemporal 

dynamics of mesoscale brain activity using optical-flow analyses. The toolbox includes the 

implementation of three optical-flow methods namely Horn-Schunck, Combined Local-Global, 

and Temporospatial algorithms for estimating velocity vector fields of perceived flow in mesoscale 

brain activity. From the velocity vector fields we determine the locations of sources and sinks as 

well as the trajectories and temporal velocities of activity flow. Using our toolbox, we compare 

the efficacy of the three optical-flow methods for determining spatiotemporal dynamics by using 

simulated data. We also demonstrate the application of optical-flow methods onto sensory-evoked 

calcium and voltage imaging data. Our results indicate that the combined local-global method we 

employ, yields results that correlate with the manual assessment. The automated approach permits 

rapid and effective quantification of mesoscale brain dynamics and may facilitate the study of 

brain function in response to new experiences or pathology. 
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1. Introduction 

In order to investigate and build physiological models of brain functions at various levels of 

abstraction viz molecular, cellular, system, and behavioral levels, evoked or spontaneous activity 

of the brain is observed at different spatial scales namely nano, micro, meso, macro, and eco. At 

the mesoscale corresponding to spatial dimensions ranging from hundreds of micrometers to a few 

centimeters, activity of thousands of neurons can be recorded simultaneously to study how 

networks of neurons communicate with each other. Various methods have been developed to 

monitor mesoscale brain activity such as intrinsic or extrinsic optical imaging, and multielectrode 

electrophysiology (1–5). In optical imaging, brain is excited with light and imaged to detect 

neuronal activity at the population level as changes in the intensity of captured light. The neuronal 

activity is transduced into an optical signal by either intrinsic or extrinsic sensors (4,6–8). In 

imaging with intrinsic sensors such as flavoprotein fluorescence imaging, endogenous 

autofluorescence of molecules representing biological activity is detected. In imaging with 

extrinsic sensors however, fluorescent molecules are introduced into the brain and depending upon 

their chemical structure, the fluorescence changes are modulated by either neuronal membrane 

voltage (voltage imaging), or concentration of an intracellular ion (e.g. calcium imaging) or 

molecule (9–13). Thus the data obtained with optical imaging is a set of images where the intensity 

of each pixel is representative of the summed activity of nearby neurons. Similarly, in 

multielectrode electrophysiology, electrodes are spread over surface of the brain and enable 

spatially discrete sampling of neuronal activity.  The electrophysiology data can also be visualized 

as a set of 2D images where the intensity of each pixel would represent the voltage measured by 

an electrode (14). Mesoscale sampling of brain activity hence captures the spatiotemporal 

dynamics of networks of neurons resulting in data with one temporal and two spatial dimensions 

(Fig. 1). 

There are a variety of features observed in optical imaging of brain activity. For example, if a 

group of neurons become active spontaneously or in response to a stimulus, a source like activity 

is observed where pixel intensities gradually increase. The observed shape of the source-like 

activity in 2D might be a point, line, circle, ellipse, or a combination of them depending upon the 
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anatomical organization of active neurons. The source activity, later in time, might disappear or 

sink in the same spatial region or travel like a wave to another region following a path/trajectory 

and then disappear into a sink where pixel intensities gradually decrease. The sink might also have 

shapes in 2D similar to the source activity. For propagating activity, the paths might be a mix of 

translational, rotational, expansion or compression trajectories. If multiple brain areas are 

simultaneously active, multiple sources, travelling waves, and sinks would be observable. The 

observation of brain activity at the mesoscale hence mimics the motion or flow of waves. 

The most common analysis used for the extraction of physiological features from optical imaging 

of brain activity is the quantitative assessment of temporal variation of intensity by plotting the 

average intensity of pixels versus time for defined regions of interest. More recently, the temporal 

correlations of optical signals were used to determine the functional connectivity between different 

regions (Fig. 1) (15–21). To identify sources, sinks, and activity trajectories manual methods were 

often used (16,22). However, few studies have reported estimates of neuronal activity spread using 

techniques first developed in the field of computer vision referred to as “optical-flow methods”. 

In these methods, velocity vector flow fields are calculated to determine speeds and directions of 

motion (23,24). From the velocity vector fields, locations of sources and sinks are estimated using 

vector calculus methods. Inouye et al. 1994 (25–27) reported the use of Horn-Schunk (HS) method 

(28) to determine the flow of brain oscillations over the human scalp in flattened (3D surface to 

2D) electroencephalography data. Takagaki et al. 2011 (29) developed and reported a new method 

(Temporospatial – TS) in which temporal correlation of a given pixel with neighboring pixels was 

used to estimate local motion in voltage sensitive dye (VSD) imaging data. Recently, Mohajerani 

et al. 2013 (16) used the combined local-global (CLG) algorithm (30,31) to determine velocity 

vector fields of flow in wide-field VSD imaging data. They also manually determined the location 

of sources and sinks in space and time. Following Mohajerani et al., Townsend et al. 2015 (3) also 

used the CLG method to estimate wave patterns in cortical activity recorded with multielectrode 

arrays. 

Only HS, CLG, and TS optical flow methods have been used for the analysis of brain activity but 

there are numerous other optical flow algorithms that have been developed (32,23,24,33–35). In 

spite of the above-mentioned attempts to estimate wave motion in brain activity, it is still pending 

to compare the performance and analytical efficacy of optical-flow methods for determining 

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which wasthis version posted November 14, 2016. ; https://doi.org/10.1101/087676doi: bioRxiv preprint 

https://doi.org/10.1101/087676


 
 

Afrashteh et al 2016 NeuroImage    Page 5 of 31 

velocity vector fields in brain activity. There also has been a scarcity of quantitative analysis for 

extracting spatiotemporal dynamics in brain activity from velocity vector fields. Off the shelf tools 

are also missing for streamlining data analysis i.e. estimating velocity vector fields followed by 

automatically identifying sources and sinks, and calculating trajectories and velocities of brain 

activity with respect to time. In addition to identifying sources and sinks in space-time, it would 

also be useful to quantitatively characterize their properties such as outlines (what is the shape of 

a source or a sink), sizes (how big a source or sink is in space) and strengths (how much activity 

outflow or inflow is there in time). 

In this paper, we present for the neuroscience community, a graphical user interface based Optical-

Flow Analysis Toolbox in Matlab® (Mathworks Inc.) for investigating the spatiotemporal 

dynamics of mesoscale brain activity (OFAMM). We compare the performance and analytical 

efficacy of three optical-flow methods namely, Horn-Schunck (HS), combined local-global 

(CLG), and temporospatial (TS) for determining velocity vector fields of perceived flow in brain 

activity monitored using voltage and calcium imaging. Also, we compare the performance of HS 

and CLG methods based analyses in determining sources and sinks in space-time as well as 

trajectories of brain activity waves and their temporal speeds. The three optical flow methods were 

selected from numerous others (23), primarily, due to their previous use with brain activity. Since 

in real data sets of brain activity, the ground true values are unknown, simulated data was first 

used to investigate the accuracy of our analysis and its sensitivity to the addition of noise. Later, 

we tested and validated the application of our analysis on real data acquired with wide-field voltage 

and calcium imaging from mice brains. Similar to previous finding, higher instantaneous and 

temporal speeds were estimated with voltage imaging as compared to calcium imaging. The results 

are consistent with voltage signals reporting predominantly subthreshold activity and calcium 

signals reporting suprathreshold spiking activity (36). 

Materials and Methods 

2.1 The General framework 

The ultimate goal of analyzing the sampled brain activity with optical-flow methods is to 

characterize and study the perceived motion of activity (in space-time). To do so, the set of two-

dimensional (2D) images collected over time are first preprocessed to filter noise and determine 

the percentage change in fluorescence from a baseline (ΔF/Fo) for each pixel. Next using optical-
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flow methods “velocity vector fields” are determined by estimating the displacement of pixels over 

time. Thus, a velocity vector is estimated for each pixel whose magnitude and direction represents 

its speed and direction of motion. Here, we used three different optical flow methods HS, CLG, 

and TS for determining the velocity vector fields (Fig. 1). With the TS method, only one vector 

field is estimated for a group of image frames whereas with the CLG and HS methods vector fields 

are obtained for all pairs of consecutive image frames. From the vector fields, the locations of 

sources and sinks i.e. the regions of origin and termination of activity, can be determined using 

vector calculus methods. Since with the TS method, only one vector field is estimated for a group 

of frames, the location of sources and sinks can be estimated only in space but not in time (29). 

However, from the vector fields estimated by the CLG and HS methods the location of sources 

and sinks can be estimated in both space and time and more importantly, the trajectories of pixels 

or regions of interest and their temporal velocities can also be calculated using vector calculus 

methods (Fig. 1). The details of the optical-flow and vector calculus methods that we use in this 

work are given below. 

2.2 Optical-flow estimation methods  

2.2.1 Horn-Schunck (HS) method 

The HS method (28,37) operates on two consecutive frames and estimates the motion of pixels 

from one frame to the other by iteratively solving an optimization problem (stated below) 

formulated from two constraints. The first constraint called “brightness constancy” assumes a pixel 

to have the same brightness level in both frames after movement i.e. 

𝐼(𝑥 + 𝑢, 𝑦 + 𝑣, 𝑡 + 1) = 𝐼(𝑥, 𝑦, 𝑡)    Eq. 1 

where I(x,y,t) is the pixel brightness in the first frame at time t and spatial location (x,y) and 

I(x+u,y+v,t+1) is the pixel brightness in the second frame at t+1 after (u,v) displacements from 

(x,y) in x and y directions respectively. The second constraint called “spatial smoothness” prevents 

discontinuities in the flow field. Mathematically, 

|∇𝑢|2 = (
𝜕𝑢

𝜕𝑥
)

2

+ (
𝜕𝑢

𝜕𝑦
)

2

 and, |∇𝑣|2 = (
𝜕𝑣

𝜕𝑥
)

2

+ (
𝜕𝑣

𝜕𝑦
)

2

  Eq. 2 

These two constraints are combined to get a minimization problem given by the following equation  
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min
𝑢,𝑣

{∫(𝐼𝑡 + 𝐼𝑥𝑢 + 𝐼𝑦𝑣)
2

𝑑𝑥𝑑𝑦 + 𝛼 ∫(|∇𝑢|2 + |∇𝑣|2)𝑑𝑥𝑑𝑦}  Eq. 3 

where 𝐼𝑡, 𝐼𝑥, and 𝐼𝑦 are derivatives of I(x,y,t) with respect to time, spatial direction 𝑥, and spatial 

direction 𝑦, respectively (17) and α is the ratio of the weights of spatial smoothness integral to that 

of the brightness constancy. This constant regulates the contribution of the two terms. This 

equation is solved to estimate the values of u and v. As the integral in the above equation is 

calculated on the whole image field this method is called a global method. An implementation of 

the HS method in Matlab® was downloaded from 

(https://www.mathworks.com/matlabcentral/fileexchange/22756-horn-schunck-optical-flow-

method) and used here for analysis. α, and the number of iterations can be set in the graphical-

user-interface of the toolbox. We chose α = 0.1 and the number of iterations = 2000 for our 

subsequent analysis by trial and error. We estimated velocities of pixels with the HS method for 

the travelling plane and circular waves (simulated data) while tweaking parameter values to 

minimize deviation from actual velocities. Alternately, α and the number of iterations were also 

determined analytically by using simulated data with known values of trajectories and velocities 

for the three Gaussian waves (see Supplementary Movie 1 – last clip). Different combinations of 

the values of α (ranging between 0.05 and 100), and the number of iterations (ranging between 

100 and 9000) were used to estimate the best combination that gave the minimum error for 

estimated velocities. The best combination of α = 0.35 and number of iterations = 2000 was used 

for analysis for generating supplementary figures S3-S7. 

2.2.2 Combined local-global (CLG) method  

The CLG method (30,31) combines the HS method and a second method called Lucas-Kanade 

(LK). LK method assumes the constancy of motion in the neighborhood of a pixel i.e. the velocity 

and direction of motion of pixels around the pixel of interest are equal. Mathematically, LK method 

formulates the following minimization problem 

min
𝑢,𝑣

{∑ (𝐼𝑡(𝑝) + 𝐼𝑥(𝑝)𝑢 + 𝐼𝑦(𝑝)𝑣)
2

𝑝 }   Eq. 4 

where 𝑝 is selected from an 𝑛 × 𝑛 neighborhood of (𝑥, 𝑦) pixel. In a more general formulation of 

the LK method the optimization argument can be convolved with a Gaussian window to filter noise 

in the images i.e. 
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min
𝑢,𝑣

{∑ 𝐺𝜎 ∗ (𝐼𝑡(𝑝) + 𝐼𝑥(𝑝)𝑢 + 𝐼𝑦(𝑝)𝑣)
2

𝑝 }   Eq. 5 

where 𝐺𝜎 is a two dimensional normalized Gaussian window with standard deviation of 𝜎 and ∗ 

denote the convolution operation. As the LK method assumes that the motion (speed and direction) 

is constant in the neighborhood of a pixel, it is called a local method and works better while dealing 

with small displacements.  

The combination of HS and LK methods proposed by Bruhn et al. 2002 (30) constitutes the CLG 

method and is formulated as bellow: 

min
𝑢,𝑣

{∑ 𝐺𝜎 ∗ (𝐼𝑡(𝑝) + 𝐼𝑥(𝑝)𝑢 + 𝐼𝑦(𝑝)𝑣)
2

𝑝 + 𝛼 ∫(|∇𝑢|2 + |∇𝑣|2)𝑑𝑥𝑑𝑦}  Eq. 6 

An implementation of the CLG method in Matlab (38) was downloaded from 

(http://people.csail.mit.edu/celiu/OpticalFlow/) and used here for analysis. The values of the 

following parameters can be set via the graphical-user-interface of the toolbox. We chose the 

values indicated below following (38), and trial and error in order to minimize the error in the 

estimation of velocities for the travelling plane and circular waves (simulated data). 

𝛼 = 0.03 , 𝑟𝑎𝑡𝑖𝑜 = 0.5 , 𝑚𝑖𝑛𝑊𝑖𝑑𝑡ℎ = 𝐼𝑚𝑎𝑔𝑒 𝑆𝑖𝑧𝑒 × 𝑟𝑎𝑡𝑖𝑜 × 0.5 , 𝑛𝑂𝑢𝑡𝑒𝑟𝐹𝑃𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 = 7 , 

𝑛𝐼𝑛𝑛𝑒𝑟𝐹𝑃𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 = 1, 𝑛𝑆𝑂𝑅𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 = 30 

Alternately, the following values were used for generating supplementary figures S3-S7. 

𝛼 = 0.04, 𝑟𝑎𝑡𝑖𝑜 = 0.5, 𝑚𝑖𝑛𝑊𝑖𝑑𝑡ℎ = 𝐼𝑚𝑎𝑔𝑒 𝑆𝑖𝑧𝑒 × 𝑟𝑎𝑡𝑖𝑜 × 0.5, 𝑛𝑂𝑢𝑡𝑒𝑟𝐹𝑃𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 = 15, 

𝑛𝐼𝑛𝑛𝑒𝑟𝐹𝑃𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 = 3, 𝑛𝑆𝑂𝑅𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 = 30 

These values were obtained analytically by using trial and error application of CLG method onto 

simulated data same as that used for the HS method (see Supplementary Movie 1 – last clip). First, 

a large number of iterations was used and the values of 𝛼 and ratio were determined which gave 

the minimum error in the estimated velocities. Later, the number of iterations were reduced to a 

desired number which kept the same error to a minimum. 

2.2.3 Temporospatial (TS) method 

The TS method proposed and demonstrated by Takagaki et al. 2011 (29) estimates motion of pixels 

by identifying neighboring pixels whose temporal activity is highly correlated and hence was 
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named Temporospatial method. To determine the speed and direction of motion of a pixel, the 

correlation of its activity with that of neighboring pixels is calculated to determine the highest 

correlation coefficient and thus estimate the next location of the pixel. The speed of motion is then 

determined by dividing the displacement of pixel from one location to the other by the best 

temporal lag (delay) that provides the highest correlation coefficient. Finding temporal correlation 

of all pairs of pixels is a computationally intensive process. To reduce computational time, 

Takagaki et al. defined spatial motion templates of pixels which represented different types of 

motion (e.g. expansion, contraction, translation, and rotation) as bases along which the motion of 

pixels could be resolved. The motion of a pixel was then estimated by finding the components of 

its motion along the bases (see Takagaki et al. 2011 for details). Since the whole temporal activity 

of a pixel in a group of frames is used to determine temporal correlations with neighboring pixels, 

only one vector is obtained for a pixel representing the average movement of that pixel in time. 

Thus for a group of image frames only one vector field is obtained. The implementation of TS 

method we used in this work was written in Matlab®. 

2.3 Vector calculus methods 

2.3.1 Determination of the locations of sources and sinks from velocity vector fields 

The locations of sources and sinks (points of outward or inward flow respectively) from velocity 

vector fields were calculated using three methods. In the first method, divergence of the vector 

field was calculated to obtain a scalar field with positive and negative numbers indicating locations 

of sources and sinks respectively while their magnitude indicates the strength. Contours of constant 

divergence values were also calculated. In the second method, Poincare index was calculated for 

a pixel by finding the sum of differences of angles of neighboring pixels. Poincare index when 

normalized by 2𝜋, has values of +1, 0, and -1 for a source or a sink, plane flow, and saddle points, 

respectively. In the third method, trace and determinant values of the Jacobian matrix were 

calculated for each pixel. A pixel is a source if the determinant and trace values are positive and is 

a sink if the determinant is positive with a negative trace value. A pixel was only considered a 

source (or a sink) if all the three methods identified it as a source (or a sink) and it had at least two 

closed contours surrounding it. All three methods were implemented in Matlab®. The size and 

strength of a source or a sink was determined from the closest (innermost) contour. The size was 
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defined as the number of pixels inside the contour while the strength was defined as the contour 

value. The contour borders defined the shape of the source or sink. 

2.3.2 Determination of trajectories of pixels and their temporal speeds 

In order to determine trajectories of pixels, streamlines were estimated from the velocity vector 

fields using the built-in “stream3” function of Matlab®. A streamline represents the curve to which 

a subset of velocity vectors in the field are tangent and thus it represents path of the flow of a pixel. 

The stream3 function calculates a temporal streamline from the velocity vector fields for a pixel 

of interest defined in space-time. The temporal velocity of the pixel along its trajectory was then 

calculated from the streamline. 

2.4 Simulated data and addition of noise 

To compare the analytical efficacy of TS, CLG, and HS methods in determining velocity vector 

fields and source/sink locations, trajectories of pixels and their temporal speeds, simulated data 

were generated in Matlab® with known shapes of sources and sinks, and motion profiles (velocities 

and directions of movement). Three image sequences (explained in the results section) were 

generated; Traveling half-sinusoid plane wave, traveling half-sinusoid circular wave originating at 

the center (single source), and complex multisource/multisink traveling Gaussian waves. To add 

noise to the simulated image sequences, the average power of all pixels (over space and time) was 

calculated. The amplitude of Gaussian white noise added to each pixel was proportional to the 

average power. The code for generating simulated data and the addition of noise is provided with 

the toolbox. 

2.5 Optical imaging - Data acquisition and analysis  

2.5.1 Animals and Surgery 

Adult (~25 g) male C57BL/6J mice were used for voltage sensitive dye imaging experiments. 

“Emx-GCaMP6f” animals were used for calcium imaging. The “Emx-GCaMP6” mice produced 

by crossing homozygous B6.129S2-Emx1 tm1(cre)Krj/J strain (Jax no. 005628) with B6;129S-

Gt(ROSA)26Sor tm95.1(CAG-GCaMP6f)Hze/J strain (Jax no. 024105,Ai95) (39). The presence of 

GCaMP6f expression was determined by genotyping each animal before each surgical procedure. 

Mice were housed in clear plastic cages in groups of two to five under a 12 h light, 12 h dark cycle. 
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Mice were given ad libitum access to water and standard laboratory mouse diet at all times. The 

animal protocols were approved by the University of Lethbridge Animal Care Committee and were 

in accordance with guidelines set forth by the Canadian Council for Animal Care. At 

approximately 3 months of age, mice were given an acute craniotomy. Mice were anesthetized 

with isoflurane (1.0–1.5%) for induction and during surgery, and a reduced maintenance 

concentration of isoflurane (0.5%) was used later during data collection. Mice were placed on a 

metal plate that could be mounted onto the stage of the upright macroscope, and the skull was 

fastened to a steel plate. A 7 × 6 mm unilateral craniotomy (bregma 2.5 to –4.5 mm, lateral 0 to 6 

mm) was made, and the underlying dura was removed, as described previously (16,40). 

Throughout surgery and imaging, body temperature was maintained at 37 °C using a heating pad 

with a feedback thermistor.  

2.5.2 Optical imaging  

For voltage-sensitive dye based wide-field optical imaging (VSDI), the dye RH-1691 (Optical 

Imaging, New York, NY) (41) was dissolved in 4-(2-hydroxyethyl)-1-piperazineethanesulfonic 

acid (HEPES)-buffered saline solution (0.4 mg ml−1) and applied to the exposed cortex for 30-60 

min, as previously described (42–45). After staining, rest of the dye was washed out and the 

cortical surface was covered with 1.5% agarose in HEPES-buffered saline and a coverslip on top 

to reduce movement artifacts. The dye was excited by a red LED (Luxeon K2, 627 nm center) and 

the excitation and emission optical filters for imaging were 630 ± 15 nm and 688 ± 15 nm 

(Semrock, New York, NY), respectively. For calcium imaging, mice were anesthetized with 

isofluorane and their skull was exposed (left hemisphere). Thinning of the skull bone was then 

performed followed by affixing of a glass coverslip with cyanoacrylate glue and implantation of a 

metal head plate. The fluorophore GCaMP6f was excited with a blue LED (Luxeon, 470 nm 

center) filtered by an excitation filter 470 ± 40 nm (Semrock, New York, NY). The emitted light 

was filtered by a 542 ± 27 nm emission filter (Semrock, New York, NY). 12-bit CCD camera 

(1M60 Pantera, Dalsa, Waterloo, ON) was used to acquire images at a rate of 150 and 30 frames 

per second for VSD and calcium imaging. Because animal brain states show spontaneous change, 

we averaged 10–45 trials of stimulus presentation to reduce these effects. To correct for time-

dependent changes in fluorescent signals that accompany all imaging, we also collected a number 

of nonstimulation trials that were used for normalization of the stimulated data. A 10-s interval 
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between each sensory stimulation was used. The camera was focused 0.5-1 mm below cortical 

surface to avoid distortion of signal due to movement of superficial blood vessels. The 

preprocessed data is provided with the toolbox data residing in subfolder “SampleData” in the 

main toolbox folder. 

2.5.3 Sensory stimulation 

Sensory forelimb stimulation was done by passing a current (0.2-1 mA for 1 ms) through a thin 

needle (0.14 mm) inserted into the forepaw. For auditory stimulation, a 12 kHz pure tone at 80 dB 

was played using a Tucker-Davis Technologies (TDT) RX6 and delivered to animal’s right ear 

while the animal was sitting in a sound proof booth in the laboratory. The speaker (TDT, ES1 

electrostatic loudspeaker) was calibrated to emit uniformly distributed amplitude of all 

frequencies.  

2.5.4 Data Preprocessing 

To reduce regional bias in caused by uneven dye staining or brain curvature, the VSD and calcium 

responses were expressed as a percentage change relative to baseline (∆F/F0× 100%) using 

Matlab®.  To reduce the effect of heartbeat in our calcium imaging data, the calcium signal was 

filtered with a finite-impulse-response low-pass filter (cut-off frequency 5Hz). 

2.5.5 Statistical Analysis 

All statistical analysis was done in Matlab®. Two sample t-test was used for statistical comparison 

and a p-value of 0.05 was used to determine significance. 

3. Results 

We first present the comparison of the performance of the three optical-flow (OF) methods using 

simulated data for which the ground true values of wave motion are known. Later, we demonstrate 

the use of OF methods on real voltage and calcium optical imaging data.  

3.1  Optical-flow characterization of simulated data 

3.1.1 Travelling plane wave (no source and sink): a half-sinusoid moving in one direction 

One of the most commonly observed wave pattern in brain activity is a travelling plane wave 

(3,16,29,46–49) which is encountered when an activity has emerged from a source and is travelling 
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towards a sink. It would also be seen in situations where the imaging field of view is limited. We 

mimicked such activity by a half-sinusoid travelling plan wave at a constant speed (1 pixel per 

frame – p/f) in the horizontal direction (angle = 0, see Fig 2A and Supplementary Movie 1). 

Determination of velocity vector fields: With the three algorithms (TS, CLG, and HS), optical-flow 

of the travelling half-sinusoid was determined i.e. velocity vector fields were estimated where 

velocity vectors obtained for all pixels represent their speeds and directions of motion (see Fig. 

2A). Note that with the TS method only one vector field for the whole image sequence representing 

average speeds and directions is obtained. With the CLG and HS methods however, vector fields 

are estimated from all pairs of consecutive frames and thus their number is one less than the 

number of frames in the image sequence. The velocity vectors for the CLG and HS methods thus 

represent instantaneous speeds and directions. The estimated vector fields with all three methods 

very well matched with the actual flow (Fig. 2A). Moreover, flow fields calculated with the CLG 

and HS methods were similar to each other. The time required for the calculation of velocity vector 

fields was longest for the TS method (~79 secs for estimating 1 velocity vector field from 242 

frames each having 128x128 pixels). The time took by the CLG and HS methods were 0.52 secs 

and 0.59 secs respectively for generating 1 velocity vector field from two consecutive frames. 

These times were obtained on a 64-bit PC with the following specifications; Processor Intel ® 

Core™ i7-4770K CPU @ 3.50GHz, RAM 32GB, and with toolbox running in Matlab® R2013b. 

Performance of HS, CLG, and TS methods for determining velocity vector fields: In order to gauge 

the efficacy of the three methods in determining velocity vector fields (speeds and angles), we 

compared estimated and actual instantaneous velocity vectors by determining the errors for a range 

of values of speeds and angles (directions of motion) of the sinusoids:  

Eis = estimated speed (Se) – actual speed (Sa), and  

Eia = estimated angle (Ae) – actual angle (Aa)  

First, Eis was measured for all pixels and the trend of means and standard deviations of Eis was 

calculated for values of actual speeds ranging between 0 and 10 pixels/frame - p/f (Fig. 2B) while 

keeping the angle = 0 (horizontal direction of motion). The TS method performed well for actual 

speeds less than 2p/f but its performance steeply declined for greater speeds because of limited 

size of the time window used for determining temporal correlations (see methods). The TS method 
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is therefore sensitive to the size of window chosen for analysis. A larger window would produce 

better estimates for higher actual speeds but with an added computational cost (Supplementary 

Fig. S1B). The performance of CLG and HS methods was better than TS for higher speeds with 

CLG performing better than HS (small standard deviation for CLG in Fig. 2B). Similarly, Eia was 

determined for all pixels and the trend of mean and standard deviations of Eia was observed for 

values of angles ranging between 0 and 90° (Fig. 2C) while keeping the speed constant = 1p/f. Eia 

remained within ±5° for all the three methods with individual variations in the values of means 

and standard deviations. Although the mean value of Eia calculated with the TS method is closer 

to zero as compared to means calculated by using the HS and CLG methods, the standard deviation 

of Eia calculated with the TS method is much higher. The performance of CLG and HS in 

estimating the angles is similar with a very small standard deviation of error with the CLG method. 

Based on these results, the CLG method should be preferred over TS and HS methods for 

determining velocity vector fields for travelling plane waves. 

Efficacy of HS, CLG, and TS methods in determining vector fields from noisy data: Since, the 

experimental data representing brain activity is noisy, we tested the performance of the three 

optical-flow methods by adding noise to the simulated data (see methods). By adding various 

levels of noise to each pixel in the image sequence, the errors Eis and Eia in speed and angle 

estimation respectively were calculated in the same way as mentioned above. The addition of noise 

adversely affected the estimates of speeds and angles with larger errors in estimation for larger 

noise levels (Fig. 2D and 2E). The estimate of angles however, were more affected with greater 

noise (Eia ~30° for 30% noise level). From all the three methods, the temporospatial method was 

more robust in the estimation of angle and velocity from noisy data as compared to the other two 

methods. This is because determining the temporal correlation between pixels improves the signal 

to noise ratio. The performance of CLG and HS methods was similar to each other for all noise 

levels with CLG having smaller standard deviations of errors. Our results thus suggest that filtering 

imaging data to remove noise is preferable before determining vector fields.  

Determination of trajectories of pixels and their speeds versus time: To determine underlying 

anatomical and physiological communication pathways within different brain regions, it is relevant 

to follow the course of travel of activity. Hence, using vector calculus methods, the trajectories of 

travel (streamlines) of pixels or regions of interest were determined from velocity vector fields 
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calculated with CLG and HS methods. Note that this analysis cannot be done with the single 

velocity vector field obtained with the TS method. Estimation of trajectories from velocity vector 

fields determined with the CLG method were better than that of the HS method (compare red lines 

in Fig. 2F and 2H). However, when noise (10% and 30%) was added to the simulated data, the 

performance of estimation declined similarly for both methods. Temporal speeds (St) of pixels 

along the trajectory were also estimated and the error (Ets = estimated St – actual St) was calculated. 

The error was zero for simulated data with no noise but increased for 10% and 30% noise levels 

(purple and green lines in Fig. 2G and 2I). The error was worse for analysis based on the HS 

method (Fig. 2I). Note that the displacement (direct distance from start to finish) of a pixel was 

smaller at higher noise levels. This is mainly because of error in the estimate of angles resulting in 

zig-zag shaped trajectories of pixels. The zig-zag effect grows larger with increasing noise levels. 

Our results thus suggest that the trajectories of pixels and their speeds are better estimated from 

velocity vector fields determined with the CLG method after noise reduction. 

3.1.2  Travelling circular wave: a half-sinusoid originating at a source and propagating in 

all directions  

Another frequent pattern of activity in the imaging data is propagation of a signal originating from 

a source such as those seen after sensory stimulation (16,49–51). In order to mimic this type of 

activity, a circular ring of half-sinusoid was generated which originated at the center of a frame 

and spread outwards to the edges with a constant velocity of 1 p/f (Supplementary Movie 1). The 

optical-flow was estimated with the three methods to obtain velocity vector fields (Fig. 3A). Errors 

in the estimates of instantaneous speeds and angles (Eis and Eia) were determined for propagation 

speeds ranging between 0 and 10 p/f (Fig. 3B-C). Note that in this simulated data all directions of 

motion i.e. all angles are concurrent and hence only the propagation speed was changed. Similar 

to the results above, performance of the TS method degraded for estimation of higher speeds (Fig. 

3B) because of limited size of window used for finding temporal correlations between pixels (see 

methods). The TS method also failed to estimate the directions of motion for higher speeds for the 

same reason (Fig. 3C). The performance of the CLG and HS methods was similar to each other 

with CLG’s performance better than that of HS for estimating speeds as well as angles (smaller 

standard deviations of errors for CLG curves). 
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The efficacy of the three methods for determining velocity vector fields from noisy data was 

assessed by adding different noise levels to all pixels and observing the errors in estimates of 

instantaneous speeds and angles. The propagation speed was set to 1p/f for this analysis. The TS 

method was most robust to noise as computing temporal correlations averages out some noise (Fig. 

3D-E). However, all three methods were better in estimating speeds from noisy data than angles. 

With the addition of even small noise levels, the performance of the HS method in estimating 

angles degrades quickly. These results suggest that it is preferable to filter raw data before applying 

any of the three methods for determining velocity vector fields. 

Next, trajectories of selected pixels and their velocities were calculated from velocity vector fields 

that were estimated with the CLG and HS methods with and without adding noise to all pixels. 

Without the addition of noise, the estimated trajectories were accurately determined (red lines in 

Fig. 3F and 3H). However, with the addition of 10% noise level, the estimated trajectory is such 

that the total displacement of pixels is shorter than the actual (purple lines). This is because the 

estimation of angles of velocity vector fields is adversely affected with the addition of noise and 

thus the estimated path is zig-zag. The zig-zag effect becomes more pronounced with the addition 

of 30% noise level (green lines). The effect of noise on the estimation of temporal speeds was 

negligible (Fig. 3G and 3I) with the CLG method based analysis showing smaller standard 

deviations of error. Combined these results also favor the use of CLG method for determining 

velocity vector fields. 

3.1.3 Travelling Gaussian waves: Complex simulated data containing three Gaussian 

sources, travelling waves, and sinks 

When multiple brain regions are active simultaneously (16,42,50,52), multiple travelling waves 

are observed (see Fig. 1b in (16)). In order to gauge the correctness of our analyses in estimating 

the spatiotemporal dynamics of activity in such data, we generated similar simulated data by 

forming an image sequence in which three two-dimensional Gaussian sources (with same 

amplitude = 1) originate at three distinct space-time locations i.e. the spatial points of origin are 

distinct as well as the frames in which they start (Supplementary Movie 1). Based on their shapes, 

these activity-like events were named C1 (circular), E1 (elliptical), and C2 (circular). The temporal 

order of their appearance was C1, E1, and C2. All events originate and expand to reach their final 

size and when fully expanded, undergo translation and/or rotation. The trajectories of C1 and E1 
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form arcs of different circles and the trajectory of C2 is linear. E1 while translating also rotates 

30° counter-clockwise about its center. Finally, all of them contract and sink into three distinct 

space locations. For each event, the full expansions and contractions happen in 15 frames (~0.1 

secs). For C1 and E1 during translations while following arcs of circles, the variation in angular 

speed follows a half-sinusoid while for C2, the linear translation happens at constant speed. By 

generating this multi-brain activity-like complex simulated data our goal was to determine how 

accurately our analysis would estimate the underlying dynamics and to compare the performance 

of CLG and HS methods. The TS method was not used here because it requires large computational 

time and provides only a single vector field for the whole image sequence. 

Velocity vector fields were first estimated (Fig. 4A for the CLG method) and later using methods 

of vector calculus, the trajectories of pixels of interest and their speeds were calculated (Fig. 4B-I 

for C1 and E1). The analysis based on the CLG method accurately captured the dynamics of C1 

and E1 (with a few exceptions for E1 – see below). The analysis based on the HS method however 

was not as much efficient. For example, the center of C1 is static while the Gaussian is expanding, 

follows a half sinusoid speed curve while translating along the arc, and is static again while the 

Gaussian is contracting (see dashed magenta line for actual speed of center in Fig. 4C). The 

estimated speed of the center of C1 with the CLG method based analysis closely matched the 

actual speed (see green lines in Fig. 4B and 4C for trajectory and speed respectively). However, 

the HS method based analysis failed to capture the dynamics accurately during the expansion and 

contraction phases (green lines in Fig. 4D-E). For non-center points in C1, after their temporal 

appearance, the actual speed is ~2p/f while C1 is expanding, follows a half sinusoid speed curve 

(linear speed = radius of point x angular speed), and is ~2p/f while C1 is contracting. The estimated 

speeds of these non-center points also closely matched the actual speeds (see blue, black, and red 

lines in Fig. 4B-C for CLG method based analysis). The HS method based analysis fails to 

accurately capture the dynamics of non-center points (Fig. 4D-E). Note, that there is a momentary 

pause of C1 Gaussian for two frames between expansion and translation, and for two frames 

between translation and contraction. This is also nicely captured in the estimates of speeds of non-

center pixels of C1 especially with the CLG method based analysis.  

For E1 also, the estimated trajectory and speed of the center pixel (green line in Fig. 4F-G) closely 

matched the actual trajectory and speed (dotted magenta line) respectively with the CLG method 
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based analysis. However, the estimated trajectories and speeds were slightly erroneous for non-

center pixels (see black, blue, and red lines in Fig. 4F-G). This error could in part be due to discrete 

spatial sampling and rotation of E1 event during translation. Here also, the analysis captures the 

momentary pause before translation along the arc. With the HS method based analysis, the 

estimation of event dynamics (trajectories and speeds) was not as accurate (Fig. 4H-I). These 

results thus demonstrate the superiority of the CLG method based analysis over that of HS in 

tracking pixel trajectories and determining temporal speeds.  

Since simulated data had sources and sinks associated with three simulated activity patterns, we 

applied vector calculus methods on each velocity vector field determined by the CLG and HS 

methods to identify the location, outlines, and strengths of sources and sinks in space-time (see 

methods). Both CLG and HS method based analyses performed well in identifying the location of 

sources and sinks (see black dots in Fig. 4J-M). Although there were only three events, but since 

the outflow of activity from a region is identified as a source, multiple sources were detected in 

space-time where C1, E1, and C2 were detected as expanding. Similarly, multiple sinks were 

detected. Most of the identified source and sink locations except a few, were very close (within a 

few pixels) to the actual locations. A weak source (relatively smaller contour value) identified with 

the HS method based analysis and a weak sink identified with the CLG method based analysis 

were a little farther from the actual locations (arrows in Fig. 4K and 4L). These fake sources and 

sinks are perceived in regions where events are spatially close and move away or towards each 

other respectively. Hence, caution is advised while interpreting whether a detected location is a 

real source or a sink when multiple events are present and approach or move away from each other 

in experimental data. 

The characteristics of sources and sinks i.e. their outlines (shapes), sizes, and strengths were also 

estimated by finding the contours from the divergence of vector fields (see methods). The size of 

a source (or a sink) was defined as the area of the contour detected around it while the contour’s 

value (divergence) was its strength. Both CLG and HS methods based analyses identified the 

outlines (contours) of sources and sinks with the former performing better qualitatively (see 

contours in Fig. 4J-M). With both types of analyses, the stronger sources (yellower contours in 

Fig. 4J-K) and sinks (bluer contours in Fig. 4L-M) were correctly detected close to the center 

location. Additionally, larger sizes were detected gradually with increasing time (frame numbers) 
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as C1, E1, and C2 expanded. We also observed the product of size and strength (strength weighed 

size or vice versa) as a useful parameter to determine the significance of a source or sink i.e. larger 

product would indicate a significant source or sink activity (data not shown). The quantification 

of parameters for sources and sinks discussed here will be useful for pin pointing the origin and 

termination of activity spread in real image sequences as discussed below in section 3.2.1. 

Limitations of the CLG method based analysis in estimating trajectories and speeds of pixels; a 

word of caution: The CLG method based analysis failed to accurately estimate the dynamics of 

pixels which were shared by multiple dynamic events in space-time. For example, the C2 activity 

starts and ends in frames 24 and 68 of the image sequence respectively (see Supplementry Movie 

1). The estimated trajectories and speeds of all C2 pixels between these frames were erroneous 

(representative pixels in Fig. 5A-B). The actual speeds of all C2 pixels except the center were 

~1.43p/f during expansion and contraction with a momentary pause and linear translation at 1.3p/f 

in between. The center pixel only moves during translation. The estimated trajectories and speeds 

however, were nowhere close to the actual ones because the existence of C2 wave in frame 24 is 

concurrent and within the boundaries of C1 event (see Supplementary Movie 1). The CLG method 

based analysis thus captures the motion dynamics of the pixels of C1 and continue to follow its 

wake in subsequent frames. For the center pixel of C2, the estimated trajectory is that of pixel of 

C1. When the center C2 pixel appears in time (in frame 24), it causes a discontinuity in the flow 

field which is ignored by the CLG method due to the spatial smoothness constraint (Eq. 2 – see 

methods) and perhaps due to the motion constancy constraint as well (Eq. 4). When the C2 was 

estimated starting frame 29 after coming out of the wake of C1, the trajectories and speeds of both 

center and non-center pixels were accurate compared to previous values (Fig. 5C-D) with the 

exception of some pixels which towards the end entered into the wake of E1 activity and thus the 

estimates of their trajectories and speeds were erroneous (see blue line in Fig. 5C-D). These results 

suggest that if events are overlapped in space-time, the estimation of trajectories and speeds can 

be erroneous and caution has to be taken in identifying the pixels of interest in both space and 

time. 

We further tested the errors in optical-flow estimation (with both CLG and HS methods) due to 

overlapping events by changing the amplitude of individual Gaussian events (C1 = 2.5, E1 = 10, 

and C2 = 5; see supplementary movie 1 and Fig. S2). With these values of amplitudes, there is a 
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larger spatiotemporal overlap between the values of three motion patterns. When E1, C1, and C2 

are concurrent in a frame, farther away from E1’s center, its pixel values would be close to the 

amplitudes of C1 and C2. New position of an overlapping pixel in the next frame hence will not 

be estimated accurately. With executing optical-flow analyses on this dataset, the performance of 

both CLG and HS methods degraded. However, the CLG method based analyses still performed 

better than the HS method in determining pixel trajectories and temporal speeds (compare Fig. S2 

B,C and F,G with D,E and H,I respectively). The locations of sources determined from velocity 

vector fields estimated with the CLG method were qualitatively better than those estimated with 

the HS method while the opposite was true for determining sink locations (Fig. S2 J-M). 

Limitations of the CLG method based analysis - sensitivity to the addition of noise: The efficacy 

of the CLG method based analysis in determining velocity vector fields, trajectories of pixels and 

temporal speeds from noisy data was assessed by adding 10% and 30% noise levels to all pixels. 

The addition of noise adversely affected the estimates of trajectories and speeds of pixels and 

identification of the location of sources and sinks with larger effects observed for larger noise 

levels (Fig. 5E-L shown only for C1; compare with Fig. 4B-C, 4J, and 4L). For example, the 

trajectory of the center pixel (green line in Fig. 5E and 5I) was not estimated to be purely arc of a 

circle but has a translation component as well. For non-center pixels, the estimated trajectories are 

incomplete (red, blue, and black lines) with dislocated final pixel points. Similarly the estimated 

speed is erroneous for center and non-center pixels (Fig. 5F & 5J) but the overall trend of motion 

was successfully captured i.e. expansion, translation, and contraction. These errors in the estimates 

of pixel trajectories and temporal speeds are due to errors in the estimates of velocity vector fields 

by the CLG method i.e. the errors in the estimates of instantaneous speeds and angles (see Fig. 2B-

E and 3B-E). The estimates of characteristics of sources and sinks were also adversely affected 

e.g. multiple sources and sinks are estimated near the actual source/sink points (Fig. 5G-H & 5K-

L). However, non-existing sources and sinks that were estimated were spatiotemporally located 

very close to the actual space-time locations. Estimates of outlines of sources and sinks were also 

adversely affected with the addition of noise however, the strengths were still the highest near the 

origin point of sources and sinks (yellower and bluer contours respectively near the center). These 

results thus suggest that noise adversely affects the analysis and filtering of raw data is advisable 

before determining velocity vector fields. 
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3.2 Optical-flow characterization of real optical imaging data 

3.2.1 Wide-field optical imaging of mouse brain with forelimb sensory stimulation 

Wide-field imaging of mouse brain was done using voltage-sensitive dye while mouse forepaw 

was electrically stimulated. An increase in the intensity of the fluorescence signal was observed 

10-15 ms after forelimb stimulation in the primary forelimb (FLS1) area of the sensory cortex (Fig. 

6A and supplementary movie 2). The activity expanded initially after appearing and translated 

towards the medio-caudal direction. Sequentially, another activity appeared in the secondary 

forelimb sensory area (FLS2) smaller in size and with small translation towards the medio-caudal 

direction. Two regions of interest (ROIs) were defined on the primary and secondary forelimb 

cortical areas (Fig. 6B) after visual inspection of the image sequence. The average intensity of 

pixels in the ROIs sharply increased around frame 34 and then decreased in two steps (Fig. 6C). 

First, a sharp decrease to a value greater than half of the peak value was observed and then a 

gradual decrease to the baseline. This is in accordance with previously reported trends of FLS1 

and FLS2 evoked responses to forelimb stimulation in isofluorane anesthetized mice (16,43). 

Determination of velocity vector fields: The CLG method was used to estimate velocity vector 

fields of the image sequence, which captured the flow of activity spread (montage Fig. 6A). To 

analyze the global dynamics of pixel intensity changes in the whole imaged region, instantaneous 

speeds and angles were determined from velocity vectors for all pixels (in space and time). The 

distribution of these instantaneous speeds (black bars in Fig. 6D) showed a peak around 20 mm/sec 

(10 mm/sec = 1 p/f) with a mean ± std value of 33.3 ± 24.7 mm/sec and some pixels (~5%) moving 

as fast as 100 mm/sec. The distribution of angles showed a peak in the medio-caudal direction 

(black line in Fig. 6E) which is in accordance with the visually observed features of the largest 

activity in the FLS1 area. Further, analysis was done for FLS1 and FLS2 ROIs to observe local 

dynamics and compare these functionally connected regions. The distributions of speeds indicated 

that the activity propagation was faster in the primary as compared to the secondary forelimb area 

(compare cyan and magenta in Fig. 6D). Mean±std values of speeds for FLS1 and FLS2 ROIs 

were 42 ± 32.3 mm/sec and 23.2 ± 6.2 mm/sec respectively and the two distributions were 

significantly different from each other (*** p<0.001) The distribution of angles for the FLS1 ROI 
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showed the largest peak in the medio-caudal direction (Fig. 6E) whereas the FLS2 ROI did not 

prefer this direction. 

Next, to determine the flow of activity of individual pixels, trajectories of pixels, their speeds over 

time, and lengths of trajectories were calculated for all pixels in both FLS1 and FLS2 ROIs (Fig. 

6G-I). Pixels in the FLS1 ROI covered longer distances at higher speeds as compared to pixels in 

the FLS2 ROI. However, the distribution of distances traveled by pixels in the FLS1 ROI was 

bimodal indicating two peaks at 1.3 mm and 1.67 mm. As can be seen from the trajectories, the 

longer distances covered were in the medio-caudal direction (Fig. 6F) whereas the smaller travel 

was in the opposite and orthogonal directions. The distribution of the maximum value of speeds 

(Fig. 6I) indicated that most of the pixels in the FLS1 and FLS2 ROIs traveled at speeds of 50 

mm/s and 20 mm/s respectively, which agrees with visually observed values.  

Identification of sources and sinks: Using vector calculus methods, the locations of sources and 

sinks both in space and time were determined from the velocity vector fields (Fig. 7A-B). Their 

strengths and sizes were also calculated from contours. Significant sources i.e. ones generating 

observable activity, were identified by calculating the product of sizes and strengths. Three 

noteworthy sources (1, 3, and 4 in Fig. 7C) were further analyzed which collocated in space and 

time with the FLS1 and FLS2 ROIs selected in the analysis shown above (see Fig. 7E-F). For these 

sources, pixel trajectories for pixels within the contours were determined and their speeds as well 

as distances covered were determined. The distributions of distances (Fig. 7H) and max speeds 

(not shown) were very similar to ones obtained with the manual analysis. 

Validation of Analysis: The CLG method based analysis allows the study of spatiotemporal 

dynamics of brain activity sampled with voltage sensitive dye optical imaging. However, since the 

true velocity vector fields are unknown, we validated the values of speeds and angles of some 

randomly chosen pixels by determining them manually. Manual validation of results for the FLS1 

activity was satisfactory as pixel trajectories and temporal speeds were faithfully estimated. 

However, the estimated pixel trajectories seemed to be smaller than actual for the FLS2 activity 

perhaps because of overlapping smaller activities within the same region and smaller sampling 

rate i.e. discretization in time. 
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3.2.2 Quantitative comparison of voltage and calcium imaging data  

To further validate the efficacy of our analysis, the spatiotemporal dynamics estimated from 

calcium and voltage imaging were compared (see methods for VSD and Ca imaging with 

GCaMP6f). With the assumption that the underlying biological activity in the brain is similar for 

mice stimulated with similar tone stimulus (i.e. frequency and amplitude), we hypothesized that 

the imaged data using different fluorophores would capture similar spatial dynamics from the 

auditory cortical area with differences originating from the temporal response dynamics of 

fluorophores. Since the temporal dynamics of the VSD signal is much faster than that of the 

GCaMP6f fluorescent protein, we expected estimation of faster velocities in VSD compared to 

GCaMP6f signal from the auditory cortex (9,36). 

After collecting image sequences with the two methods, preprocessing was done similarly to 

obtain the changes in fluorescence from the baseline (ΔF/Fo). For both datasets, cortical responses 

were observed in the primary auditory cortex (AC) and other cortical areas as well. In both image 

sequences, the latency of response in the AC area was similar (10-20 msec for VSDI and 20-30 

msec for Ca imaging). Both activity expanded from primary auditory cortex and after some 

translation started to sink in the same area. Velocity vector fields for both image sequences were 

obtained as the output of optical flow analysis with the CLG method. To compare the instantaneous 

speeds and angles for pixels in the auditory cortical area of the two image sequences, we manually 

chose regions encompassing the auditory cortex (Fig. 8A-B). As expected, higher instantaneous 

speeds (Fig. 8C) were sampled with the VSDI (red) as compared to calcium imaging (blue). The 

distributions of angles (Fig. 8D) qualitatively were different but the largest peaks are in the 

mediocaudal direction (fourth quadrant) suggesting that the largest flow of activity was 

comparable in the two datasets.  

3.3 Optical-Flow Analysis Toolbox in Matlab® for investigating the spatiotemporal dynamics of 

Mesoscale brain activity (OFAMM) 

We present version 1.0 of the OFAMM toolbox for the analysis of brain activity to be freely used 

by the research community under the GNU General Public License, version 3 (GPL-3.0) (53). The 

toolbox and sample data including simulated and real optical imaging data can be downloaded 

from [http://lethbridgebraindynamics.com/ofamm/]. The toolbox contains a graphical user 

interface (GUI) shown in Figure 9. This GUI follows the optical brain activity data analysis 
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framework described in Figure 1. The detailed procedure to use the toolbox is provided in the 

supplementary material. Briefly, one can load image sequence and mask (if applicable) into the 

GUI. On the image sequence, all or any of the three optical flow methods, HS, CLG, and TS, can 

be executed to estimate velocity vector fields which can be viewed in the GUI. The distributions 

of instantaneous speeds of all pixels in space-time within a region of interest can be plotted. 

Source/sink locations and trajectories of pixels of interest can then be obtained from the velocity 

vector fields by applying vector calculus analyses. Graphs of source/sink locations and those of 

pixel trajectories and speeds can be plotted. All the results are stored in mat files and the user can 

plot additional graphs at will (see supplementary material).  

4. Discussion 

Brain activity sampled with optical imaging consists of travelling waves which originate at sources 

and terminate at sinks. These waves are perceived in sampled image sequences as neurons in 

different brain regions become sequentially active (3,16,46,54). It is physiologically very relevant 

to quantify characteristics of such waves, sources, and sinks that might be used to specify the 

functionality of a brain area and its connectivity with other brain areas (16,17,27,29,55,56) during 

different brain states and various health status (43).   

It is known that many brain disorders result in part from circuit malfunction. The impairment 

developed in neural circuits and network activity cause instability in neural communication (57–

61) which might increase or decrease the cortical dynamics of signal flow or due to circuit 

remodeling displace the location of sources or sinks. Thus, using these characteristics, normal and 

diseased brain circuits and their connectivity could be compared (62–64).  

Different methods used for the analysis of brain activity in optical imaging datasets have been 

reported previously but a consolidated toolbox for analyses is missing. Here we present a Matlab® 

based software toolbox for the optical flow analyses of brain activity datasets. We have 

incorporated three optical flow methods into the toolbox namely HS, CLG, and TS. Using all three 

optical flow methods, we have estimated the characteristics of traveling waves, sources, and sinks 

in brain activity dynamics.  

To compare their performance, we generated simulated data with known speeds and directions of 

movement (data which other investigators can use). The performance of HS, CLG, and TS for 

determining velocity vector fields was assessed by comparing the estimation errors in speeds and 
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angles without and with the addition of noise (2nd row in Fig. 2 and 3). The results suggest that for 

noisy data the TS method is quite robust. However, since the TS method relies on determining 

temporal correlations in a group of frames, only one vector field is obtained where each vector 

represents average speed and direction. From this single vector field, the location of sources and 

sinks are determined only in space and not in time. The computational time for executing TS 

method is also large (Supplementary Fig. S1).  In contrast, HS and CLG methods are 

computationally fast and provide vector fields for pairs of consecutive frames and thus 

instantaneous speeds and directions. From multiple vector fields location of sources and sinks can 

be determined in space as well as time. The trajectories of pixels and their temporal speeds can 

also be determined. For the complex simulated data containing Gaussian propagating waves, we 

thus compare the performance of HS and CLG methods for determining activity trajectories, their 

temporal speeds, sources, and sinks. We demonstrate that the CLG method based analyses provide 

favorable estimates as compared to the analyses based on the HS method (Fig. 4). This is in 

agreement with previously reported studies where the CLG method performed better in estimating 

speed of large moving objects in videos and displacement of fluorescently labeled proteins (65,66). 

For this reason, we perform the analysis of real imaging data only with the CLG method. The user 

of the toolbox is however encouraged to experiment with all three optical flow methods for their 

simulated as well as real data.  

The parameters for applying optical-flow methods e.g. window size for the TS method, and α and 

number of iterations for HS and CLG methods can also be set via the graphical user interface 

before executing the algorithms on an image sequence. Different values of these parameters could 

affect the estimated velocity vector fields, source and sink locations, and calculated pixel 

trajectories as well as temporal speeds. For our simulated and real optical imaging data, we also 

used alternate values of parameters (see methods) to compare their performance (see 

Supplementary Figures S3-S7). With the use of alternate parameters, the best parameter that 

improved the performance of HS and CLG algorithms were found (e.g. compare Fig. S5 with Fig. 

4).  The same conclusions were still valid that (1) the CLG method performs better than HS and 

(2) filtering data before using optical-flow algorithms is desirable. Since the application of optical-

flow methods is sensitive to the choice of algorithm and associated parameters whose values can 

be set subjectively, we recommend that manual validation of results must be performed. 
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The CLG method, although is the most favorable, has few limitations. When two or more events 

overlap in space-time, the CLG method provides erroneous results for the estimation of trajectories 

of pixels as well as their speeds (Fig. 5 and S2). The errors in estimation were worse with the HS 

method (data not shown). Caution is thus advised in selecting the pixels or regions of interest in 

space-time to correctly trace the pathways of activity patterns. Additionally, when noise was added 

to the signal, the errors in estimation with the CLG method based analysis increased. Thus it is 

very important to filter the real imaging data before performing the CLG method based analysis.  

We demonstrate how the CLG optical-flow method can be applied to real optical imaging data and 

the distributions of instantaneous speeds and angles, temporal speeds and lengths of trajectories 

are useful observations for studying population based cortical activity (Fig. 6). Additionally, with 

the semi-automatic analysis significant sources can be identified and one can observe their spatial 

distributions (Fig. 7). We validate our optical flow analysis by using two sets of imaging data 

collected from two different animals with the same stimulation protocol but different fluorophores 

(VSD and GCaMP6f) for imaging (Fig. 8). As expected, higher instantaneous speeds were 

captured with VSD as compared to GCaMP6f since the response characteristics of VSD are much 

faster than GCaMP6f. Finally we present the optical flow analysis toolbox for characterizing the 

spatiotemporal dynamics in brain activity measured using optical imaging methods (Fig. 9). 

Neuroscience relies on observing brain activity at various levels to make physiological models of 

brain function. At the mesoscale level corresponding to spatial dimensions of the order of hundreds 

of micrometers to a few millimeters, brain activity is sampled using methods like extrinsic or 

intrinsic optical imaging. We present a toolbox “OFAMM” for analyzing optical imaging data to 

quantify wave motion and underlying spatiotemporal dynamics. 

5. References 

1.  Nunez PL, Srinivasan R. A theoretical basis for standing and traveling brain waves measured 

with human EEG with implications for an integrated consciousness. Clin Neurophysiol Off J 

Int Fed Clin Neurophysiol. 2006 Nov;117(11):2424–35.  

2.  Hillman EMC. Optical brain imaging in vivo: techniques and applications from animal to 

man. J Biomed Opt. 2007;12(5):51402.  

3.  Townsend RG, Solomon SS, Chen SC, Pietersen ANJ, Martin PR, Solomon SG, et al. 

Emergence of Complex Wave Patterns in Primate Cerebral Cortex. J Neurosci. 2015 Mar 

18;35(11):4657–62.  

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which wasthis version posted November 14, 2016. ; https://doi.org/10.1101/087676doi: bioRxiv preprint 

https://doi.org/10.1101/087676


 
 

Afrashteh et al 2016 NeuroImage    Page 27 of 31 

4.  Grinvald A, Omer DB, Sharon D, Vanzetta I, Hildesheim R. Voltage-Sensitive Dye Imaging 

of Neocortical Activity. Cold Spring Harb Protoc. 2016 Jan;2016(1):pdb.top089367.  

5.  Obien MEJ, Deligkaris K, Bullmann T, Bakkum DJ, Frey U. Revealing neuronal function 

through microelectrode array recordings. Front Neurosci [Internet]. 2015 Jan 6 [cited 2016 

Jul 24];8. Available from: http://www.ncbi.nlm.nih.gov/pmc/articles/PMC4285113/ 

6.  Kalatsky VA, Stryker MP. New paradigm for optical imaging: temporally encoded maps of 

intrinsic signal. Neuron. 2003 May 22;38(4):529–45.  

7.  Frostig RD, editor. In Vivo Optical Imaging of Brain Function [Internet]. 2nd ed. Boca 

Raton (FL): CRC Press/Taylor & Francis; 2009 [cited 2016 Oct 31]. (Frontiers in 

Neuroscience). Available from: http://www.ncbi.nlm.nih.gov/books/NBK20234/ 

8.  Scanziani M, Häusser M. Electrophysiology in the age of light. Nature. 2009 Oct 

15;461(7266):930–9.  

9.  Xie Y, Chan AW, McGirr A, Xue S, Xiao D, Zeng H, et al. Resolution of High-Frequency 

Mesoscale Intracortical Maps Using the Genetically Encoded Glutamate Sensor iGluSnFR. J 

Neurosci Off J Soc Neurosci. 2016 Jan 27;36(4):1261–72.  

10.  Storace DA, Braubach OR, Jin L, Cohen LB, Sung U. Monitoring Brain Activity with 

Protein Voltage and Calcium Sensors. Sci Rep [Internet]. 2015 May 13 [cited 2016 Jul 23];5. 

Available from: http://www.ncbi.nlm.nih.gov/pmc/articles/PMC4429559/ 

11.  Abdelfattah AS, Farhi SL, Zhao Y, Brinks D, Zou P, Ruangkittisakul A, et al. A Bright and 

Fast Red Fluorescent Protein Voltage Indicator That Reports Neuronal Activity in 

Organotypic Brain Slices. J Neurosci Off J Soc Neurosci. 2016 Feb 24;36(8):2458–72.  

12.  Akemann W, Mutoh H, Perron A, Park YK, Iwamoto Y, Knöpfel T. Imaging neural circuit 

dynamics with a voltage-sensitive fluorescent protein. J Neurophysiol. 2012 

Oct;108(8):2323–37.  

13.  Chen T-W, Wardill TJ, Sun Y, Pulver SR, Renninger SL, Baohan A, et al. Ultrasensitive 

fluorescent proteins for imaging neuronal activity. Nature. 2013 Jul 18;499(7458):295–300.  

14.  Buzsáki G, Anastassiou CA, Koch C. The origin of extracellular fields and currents--EEG, 

ECoG, LFP and spikes. Nat Rev Neurosci. 2012 May 18;13(6):407–20.  

15.  Vanni MP, Murphy TH. Mesoscale Transcranial Spontaneous Activity Mapping in GCaMP3 

Transgenic Mice Reveals Extensive Reciprocal Connections between Areas of Somatomotor 

Cortex. J Neurosci. 2014 Nov 26;34(48):15931–46.  

16.  Mohajerani MH, Chan AW, Mohsenvand M, LeDue J, Liu R, McVea DA, et al. 

Spontaneous cortical activity alternates between motifs defined by regional axonal 

projections. Nat Neurosci. 2013 Oct;16(10):1426–35.  

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which wasthis version posted November 14, 2016. ; https://doi.org/10.1101/087676doi: bioRxiv preprint 

https://doi.org/10.1101/087676


 
 

Afrashteh et al 2016 NeuroImage    Page 28 of 31 

17.  Chan AW, Mohajerani MH, LeDue JM, Wang YT, Murphy TH. Mesoscale infraslow 

spontaneous membrane potential fluctuations recapitulate high-frequency activity cortical 

motifs. Nat Commun. 2015 Jul 20;6:7738.  

18.  McVea DA, Mohajerani MH, Murphy TH. Voltage-sensitive dye imaging reveals dynamic 

spatiotemporal properties of cortical activity after spontaneous muscle twitches in the 

newborn rat. J Neurosci Off J Soc Neurosci. 2012 Aug 8;32(32):10982–94.  

19.  White BR, Bauer AQ, Snyder AZ, Schlaggar BL, Lee J-M, Culver JP. Imaging of functional 

connectivity in the mouse brain. PloS One. 2011 Jan 20;6(1):e16322.  

20.  Minderer M, Liu W, Sumanovski LT, Kügler S, Helmchen F, Margolis DJ. Chronic imaging 

of cortical sensory map dynamics using a genetically encoded calcium indicator. J Physiol. 

2012 Jan 1;590(1):99–107.  

21.  Kuhn B, Denk W, Bruno RM. In vivo two-photon voltage-sensitive dye imaging reveals top-

down control of cortical layers 1 and 2 during wakefulness. Proc Natl Acad Sci U S A. 2008 

May 27;105(21):7588–93.  

22.  Han F, Caporale N, Dan Y. Reverberation of Recent Visual Experience in Spontaneous 

Cortical Waves. Neuron. 2008 Oct 23;60(2):321–7.  

23.  Paragios N, Chen Y, Faugeras O, editors. Handbook of Mathematical Models in Computer 

Vision [Internet]. Boston, MA: Springer US; 2006 [cited 2016 Jul 26]. Available from: 

http://link.springer.com/10.1007/0-387-28831-7 

24.  Sun D, Roth S, Black MJ. Secrets of optical flow estimation and their principles. In: 2010 

IEEE Conference on Computer Vision and Pattern Recognition (CVPR). 2010. p. 2432–9.  

25.  Inouye T, Shinosaki K, Iyama A, Matsumoto Y, Toi S, Ishihara T. Potential flow of frontal 

midline theta activity during a mental task in the human electroencephalogram. Neurosci 

Lett. 1994 Mar 14;169(1–2):145–8.  

26.  Inouye T, Shinosaki K, Iyama A, Matsumoto Y, Toi S. Moving potential field of frontal 

midline theta activity during a mental task. Brain Res Cogn Brain Res. 1994 Sep;2(2):87–92.  

27.  Inouye T, Shinosaki K, Toi S, Matsumoto Y, Hosaka N. Potential flow of alpha activity in 

the human electroencephalogram. Neurosci Lett. 1995 Feb 24;187(1):29–32.  

28.  Horn BKP, Schunck BG. Determining optical flow. Artif Intell. 1981 Aug 1;17(1):185–203.  

29.  Takagaki K, Zhang C, Wu J-Y, Ohl FW. Flow detection of propagating waves with 

temporospatial correlation of activity. J Neurosci Methods. 2011 Sep 15;200(2):207–18.  

30.  Bruhn A, Weickert J, Schnörr C. Combining the Advantages of Local and Global Optic Flow 

Methods. In: Proceedings of the 24th DAGM Symposium on Pattern Recognition [Internet]. 

London, UK, UK: Springer-Verlag; 2002 [cited 2016 Jul 23]. p. 454–462. Available from: 

http://dl.acm.org/citation.cfm?id=648287.756376 

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which wasthis version posted November 14, 2016. ; https://doi.org/10.1101/087676doi: bioRxiv preprint 

https://doi.org/10.1101/087676


 
 

Afrashteh et al 2016 NeuroImage    Page 29 of 31 

31.  Jara-Wilde J, Cerda M, Delpiano J, Härtel S. An Implementation of Combined Local-Global 

Optical Flow. Image Process Line. 2015 Jun 25;5:139–58.  

32.  Otte M, Nagel H-H. Optical flow estimation: Advances and comparisons. In: Eklundh J-O, 

editor. Computer Vision — ECCV ’94 [Internet]. Springer Berlin Heidelberg; 1994 [cited 

2016 Jul 26]. p. 49–60. (Lecture Notes in Computer Science). Available from: 

http://link.springer.com.ezproxy.alu.talonline.ca/chapter/10.1007/3-540-57956-7_5 

33.  Tavakoli V, Nambakhsh MS, Sahba N, Makinian A. A new variational technique for 

combining affine registration and optical flow in echocardiography images. Conf Proc Annu 

Int Conf IEEE Eng Med Biol Soc IEEE Eng Med Biol Soc Annu Conf. 2008;2008:205–8.  

34.  Liu T, Merat A, Makhmalbaf MHM, Fajardo C, Merati P. Comparison between optical flow 

and cross-correlation methods for extraction of velocity fields from particle images. Exp 

Fluids. 2015 Aug 6;56(8):166.  

35.  Kroeger T, Timofte R, Dai D, Van Gool L. Fast Optical Flow using Dense Inverse Search. 

ArXiv160303590 Cs [Internet]. 2016 Mar 11 [cited 2016 Jul 23]; Available from: 

http://arxiv.org/abs/1603.03590 

36.  Berger T, Borgdorff A, Crochet S, Neubauer FB, Lefort S, Fauvet B, et al. Combined voltage 

and calcium epifluorescence imaging in vitro and in vivo reveals subthreshold and 

suprathreshold dynamics of mouse barrel cortex. J Neurophysiol. 2007 May;97(5):3751–62.  

37.  Estimate optical flow using Horn-Schunck method - MATLAB [Internet]. [cited 2016 Jul 

23]. Available from: http://www.mathworks.com/help/vision/ref/opticalflowhs-class.html 

38.  Liu C. Beyond Pixels: Exploring New Representations and Applications for Motion Analysis 

[Internet]. 2009. Available from: http://people.csail.mit.edu/celiu/OpticalFlow/ 

39.  Madisen L, Garner AR, Shimaoka D, Chuong AS, Klapoetke NC, Li L, et al. Transgenic 

mice for intersectional targeting of neural sensors and effectors with high specificity and 

performance. Neuron. 2015 Mar 4;85(5):942–58.  

40.  Kyweriga M, Mohajerani MH. Optogenetic Approaches for Mesoscopic Brain Mapping. 

Methods Mol Biol Clifton NJ. 2016;1408:251–65.  

41.  Shoham D, Glaser DE, Arieli A, Kenet T, Wijnbergen C, Toledo Y, et al. Imaging Cortical 

Dynamics at High Spatial and Temporal Resolution with Novel Blue Voltage-Sensitive 

Dyes. Neuron. 1999 Dec;24(4):791–802.  

42.  Mohajerani MH, McVea DA, Fingas M, Murphy TH. Mirrored Bilateral Slow-Wave 

Cortical Activity within Local Circuits Revealed by Fast Bihemispheric Voltage-Sensitive 

Dye Imaging in Anesthetized and Awake Mice. J Neurosci. 2010 Mar 10;30(10):3745–51.  

43.  Mohajerani MH, Aminoltejari K, Murphy TH. Targeted mini-strokes produce changes in 

interhemispheric sensory signal processing that are indicative of disinhibition within 

minutes. Proc Natl Acad Sci U S A. 2011 May 31;108(22):E183-191.  

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which wasthis version posted November 14, 2016. ; https://doi.org/10.1101/087676doi: bioRxiv preprint 

https://doi.org/10.1101/087676


 
 

Afrashteh et al 2016 NeuroImage    Page 30 of 31 

44.  Lim DH, Mohajerani MH, LeDue J, Boyd J, Chen S, Murphy TH. In vivo large-scale 

cortical mapping using channelrhodopsin-2 stimulation in transgenic mice reveals 

asymmetric and reciprocal relationships between cortical areas. Front Neural Circuits. 

2012;6:11.  

45.  Lim DH, LeDue J, Mohajerani MH, Vanni MP, Murphy TH. Optogenetic approaches for 

functional mouse brain mapping. Front Neurosci. 2013;7:54.  

46.  Sato TK, Nauhaus I, Carandini M. Traveling waves in visual cortex. Neuron. 2012 Jul 

26;75(2):218–29.  

47.  Ermentrout GB, Kleinfeld D. Traveling electrical waves in cortex: insights from phase 

dynamics and speculation on a computational role. Neuron. 2001 Jan;29(1):33–44.  

48.  Muller L, Destexhe A. Propagating waves in thalamus, cortex and the thalamocortical 

system: Experiments and models. J Physiol Paris. 2012 Dec;106(5–6):222–38.  

49.  Frostig RD, Xiong Y, Chen-Bee CH, Kvasnák E, Stehberg J. Large-scale organization of rat 

sensorimotor cortex based on a motif of large activation spreads. J Neurosci Off J Soc 

Neurosci. 2008 Dec 3;28(49):13274–84.  

50.  Ferezou I, Haiss F, Gentet LJ, Aronoff R, Weber B, Petersen CCH. Spatiotemporal dynamics 

of cortical sensorimotor integration in behaving mice. Neuron. 2007 Dec 6;56(5):907–23.  

51.  Polack P-O, Contreras D. Long-range parallel processing and local recurrent activity in the 

visual cortex of the mouse. J Neurosci Off J Soc Neurosci. 2012 Aug 8;32(32):11120–31.  

52.  Huang X, Xu W, Liang J, Takagaki K, Gao X, Wu J-Y. Spiral wave dynamics in neocortex. 

Neuron. 2010 Dec 9;68(5):978–90.  

53.  GNU General Public License, version 3 (GPL-3.0) | Open Source Initiative [Internet]. [cited 

2016 Jul 26]. Available from: https://opensource.org/licenses/GPL-3.0 

54.  Benucci A, Frazor RA, Carandini M. Standing waves and traveling waves distinguish two 

circuits in visual cortex. Neuron. 2007 Jul 5;55(1):103–17.  

55.  Lefèvre J, Obozinski G, Baillet S. Imaging Brain Activation Streams from Optical Flow 

Computation on 2-Riemannian Manifolds. In: Karssemeijer N, Lelieveldt B, editors. 

Information Processing in Medical Imaging [Internet]. Springer Berlin Heidelberg; 2007 

[cited 2016 Jul 24]. p. 470–81. (Lecture Notes in Computer Science). Available from: 

http://link.springer.com.ezproxy.alu.talonline.ca/chapter/10.1007/978-3-540-73273-0_39 

56.  Khan S, Lefèvre J, Baillet S, Michmizos KP, Ganesan S, Kitzbichler MG, et al. Encoding 

cortical dynamics in sparse features. Front Hum Neurosci. 2014;8:338.  

57.  Busche MA, Konnerth A. Impairments of neural circuit function in Alzheimer’s disease. 

Philos Trans R Soc Lond B Biol Sci. 2016 Aug 5;371(1700).  

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which wasthis version posted November 14, 2016. ; https://doi.org/10.1101/087676doi: bioRxiv preprint 

https://doi.org/10.1101/087676


 
 

Afrashteh et al 2016 NeuroImage    Page 31 of 31 

58.  Kuljiš RO. Integrative Understanding of Emergent Brain Properties, Quantum Brain 

Hypotheses, and Connectome Alterations in Dementia are Key Challenges to Conquer 

Alzheimer’s Disease. Front Neurol. 2010;1:15.  

59.  Lim DH, LeDue JM, Mohajerani MH, Murphy TH. Optogenetic mapping after stroke reveals 

network-wide scaling of functional connections and heterogeneous recovery of the peri-

infarct. J Neurosci Off J Soc Neurosci. 2014 Dec 3;34(49):16455–66.  

60.  Connor SA, Ammendrup-Johnsen I, Chan AW, Kishimoto Y, Murayama C, Kurihara N, et 

al. Altered Cortical Dynamics and Cognitive Function upon Haploinsufficiency of the 

Autism-Linked Excitatory Synaptic Suppressor MDGA2. Neuron. 2016 Sep 7;91(5):1052–

68.  

61.  Busche MA, Grienberger C, Keskin AD, Song B, Neumann U, Staufenbiel M, et al. 

Decreased amyloid-β and increased neuronal hyperactivity by immunotherapy in 

Alzheimer’s models. Nat Neurosci. 2015 Dec;18(12):1725–7.  

62.  Risacher SL, Saykin AJ. Neuroimaging Biomarkers of Neurodegenerative Diseases and 

Dementia. Semin Neurol. 2013 Sep;33(4):386–416.  

63.  Zhang J, Cheng W, Liu Z, Zhang K, Lei X, Yao Y, et al. Neural, electrophysiological and 

anatomical basis of brain-network variability and its characteristic changes in mental 

disorders. Brain J Neurol. 2016 Jul 14;  

64.  Visser S, Meijer HGE, Lee HC, van Drongelen W, van Putten MJAM, van Gils SA. 

Comparing epileptiform behavior of mesoscale detailed models and population models of 

neocortex. J Clin Neurophysiol Off Publ Am Electroencephalogr Soc. 2010 Dec;27(6):471–

8.  

65.  Patel E, Shukla D. Comparison of optical flow algorithms for speed determination of moving 

objects. Int J Comput Appl. 2013;63(5).  

66.  Delpiano J, Jara J, Scheer J, Ramírez OA, Ruiz-del-Solar J, Härtel S. Performance of optical 

flow techniques for motion analysis of fluorescent point signals in confocal microscopy. 

Mach Vis Appl. 2011 Jul 30;23(4):675–89.  

 

 

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which wasthis version posted November 14, 2016. ; https://doi.org/10.1101/087676doi: bioRxiv preprint 

https://doi.org/10.1101/087676


Afrashteh et al 2016 - Figures NeuroImage    Page 1 of 9 

 

 

 

Figure 1. Flow diagram summarizing mesoscale brain activity data acquisition and analysis. The data consists of perceived 

motion of pixels i.e. traveling waves originating at sources and vanishing at sink locations.  The most common analysis 

includes observing temporal activity of pixels or regions of interest and determining functional connectivity between spatial 

regions using temporal correlations. The less common analysis is estimating wave motion with “optical-flow methods” 

(borrowed from computer vision) in which the spatiotemporal dynamics in brain activity are characterized for determining 

source/sink locations and properties of traveling waves i.e. trajectories and temporal speeds of pixels. We compare the 

performance of three optical flow methods; Horn-Schunk (HS), Combined local-global (CLG), and Temporospatial (TS) 

for analyzing optical imaging data. We present a graphical user interface based Matlab toolbox for mesoscale brain activity 

data analysis. Shaded boxes show methods included in the toolbox and bold outlined boxes show output entities of interest. 

 

 

  

Wide-field optical imaging 

Sets of 2D 

images  

Data 

HS or CLG method 

Velocity Vector field for each frame 

providing instantaneous speed and 

direction of motion of each pixel 

Sources, and sinks in 

space and time (outlines, 

sizes, and strengths) 

Data Analysis 

Vector calculus 

methods 

Trajectories/Paths of 

regions of interest and 

their velocities over time 

Spatial scale – hundreds of 

micrometers to a few millimeters 

Sampling Method 
Mesoscale Brain Activity 

Functional 

connectivity 

Temporal correlation 

between activities of spatial 

regions 

Perceived motion of pixels (translation, 

rotation, expansion, and contraction) 

Preprocessing to find 
∆𝐹

𝐹𝑜
 

Sources, and sinks 

in space  

Vector calculus 

methods 

TS method 

One velocity Vector field providing 

average speed and direction of motion 

of each pixel from a group of frames 

Temporal activity of 

spatial regions 

Optical-Flow 

Methods 

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which wasthis version posted November 14, 2016. ; https://doi.org/10.1101/087676doi: bioRxiv preprint 

https://doi.org/10.1101/087676


Afrashteh et al 2016 - Figures NeuroImage    Page 2 of 9 

 

 

 

 

Figure 2. Comparison of the performance of HS, CLG, and TS methods for estimating dynamics of a simulated traveling 

plane wave. A. Representative frames from the image sequence with overlaid velocity vector fields. Note that with the TS 

method only one vector field is obtained for the whole image sequence while with the HS and CLG methods, a vector field 

is obtained for each pair of consecutive frames (see text) B. Instantaneous speed estimation error versus actual speeds of 

plane wave for angle = 0°. Performance of the TS method depends on the size of correlation window in space (see text) and 

shows high error for speeds where displacements of pixels are beyond the size of the correlation window. HS shows an 

increase in the standard deviation of the error with increasing speeds but CLG is robust. C. Instantaneous angle estimation 

error versus actual angles (direction of motion) of plane wave with speed = 1 p/f. TS method shows large standard deviation 

of error. HS and CLG methods show similar performance with the CLG method showing smallest standard deviation. D, E. 

Instantaneous speed (D) and angle (E) estimation error versus noise level. The performance for three methods degrades with 

increasing noise levels. F-I. Trajectories of pixels for 0% (orange), 10% (purple) and 30% (green) noise level shown in 

single frame (F) for CLG, and (H) for HS methods. Temporal speed estimation error versus time (frame number) for the 

three noise levels (G) for CLG, and (I) for HS methods. Overall the best performance is that of CLG. 
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Figure 3. Comparison of performance of HS, CLG, and TS methods for estimating dynamics of a simulated traveling 

circular wave. A. Representative frames from the image sequence with overlaid velocity vector fields. B, C. Instantaneous 

speed estimation error (B) and instantaneous angle estimation error (C) versus actual speeds. D, E. Instantaneous speed 

estimation error (D) and instantaneous angle estimation error (E) versus noise levels. F-I. Trajectories of pixels for 0% 

(orange), 10% (purple) and 30% (green) noise level shown in single frame (F) for CLG, and (H) for HS methods. Temporal 

speed estimation error versus time (frame number) for the three noise levels (G) for CLG, and (I) for HS methods. Overall 

the best performance is that of CLG. 
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Figure 4. Comparison of the performance of HS and CLG methods for estimating dynamics of an image sequence 

simulating three sources, traveling events, and sinks (see text). A. Montage of frames from the image sequence overlaid 

with velocity vector fields determined with the CLG method. B. Trajectories of selected pixels of C1 event (see text), center 

pixel (green), non-center pixels (blue, black, and red), calculated with the CLG method based analysis. C. Estimated 

temporal speeds of pixels in (B) - same colors, versus time (frame numbers). Magenta line shows actual speed of the center 

pixel. D-E. Same as B-C but with the HS method based analysis. F-G, and H-I Same as B-C and D-E respectively for E1 

event. J-K. Estimation of source locations (black dots) and shapes/outlines (contours) with the CLG and HS methods. L-

M. Estimation of sink locations with the CLG and HS methods. Contour colors show source/sink strengths. The CLG 

method wins in estimating pixel trajectories and temporal speeds and works favorably for source/sink analyses. 
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Figure 5. Limitations of the CLG method based analysis – errors due to the addition of noise and/or overlap of simulated 

events in space-time. A. Erroneous estimation of trajectories of selected pixels of C2 starting frame 24 because at this time, 

C2 is in the wake of C1 (see text). Center pixel (green), non-center pixels (blue, black, and red). B. Erroneous estimated 

temporal speeds of pixels in (A) - same colors, versus time (frame numbers). C-D. Same as B-C but correct estimation of 

trajectories and temporal speeds with analysis starting frame 29. E-H, Same as Figure 4 B-C, J, & L but with 10% noise 

level added to the image sequence. I-L. Same as E-H with 30% noise level added to the image sequence. The addition of 

noise reduces the performance of the CLG method. Caution is advised for selecting pixels and regions of interest in space-

time for determining trajectories and temporal speeds. 
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Figure 6. Optical flow characterization (with the CLG method) of forelimb stimulation-evoked VSD activation in 

anesthetized mouse. A. Montage of selected frames from the image sequence with overlaid velocity vector fields. Magenta 

dot in the first (top left) frame indicates bregma location. B. Regions of interest (ROIs) on the primary (magenta) and 

secondary (cyan) forelimb areas. C. ΔF/Fo vs time for ROIs in (B). D. Distribution of instantaneous speeds of all pixels in 

space-time in the ROIs in B (same colors) and for all pixels within the mask (black bars). E. Similar to (D) but distribution 

of instantaneous angles of all pixels within ROIs or the mask. F. Trajectories of pixels (shown only for some pixels) in ROIs 

from (B) – same colors as in (B). G. Estimated temporal speeds of all pixels in the ROIs. H. Distribution of lengths of 

trajectories. I. Distribution of maximum of temporal speeds. Blue lines in C and G indicate the stimulus onset. 
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Figure 7. Semi-automatic optical flow analysis (with CLG method). A-B. Identified source (A) and sink (B) locations (black 

dots) and associated contours of VSD imaging data presented in Figure 6. Contour colors indicate strength of sources and 

sinks. C. Size times Strength versus source number for identifying significant sources. D. Same as (C) for sinks. E-F. Pixel 

trajectories shown for three selected sources (1 - magenta, 2 - red, and 3 - black) with high size x strength values. Note that 

source 1 was identified in 213.3 ms whereas sources 2 and 3 were identified in 220 ms. G-H. Distribution of temporal 

speeds (G) and length of trajectories (H) of pixels of sources 1, 2, and 3 (see E-F). The blue line in G shows the stimulus 

onset. The results here are comparable with those obtained using the manual analysis shown in Fig. 6. 

 

 

 

 

not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which wasthis version posted November 14, 2016. ; https://doi.org/10.1101/087676doi: bioRxiv preprint 

https://doi.org/10.1101/087676


Afrashteh et al 2016 - Figures NeuroImage    Page 8 of 9 

 

Figure 8. Quantitative comparison of voltage and calcium imaging data. A-B. Representative images showing extent of 

activity over the auditory cortical area sampled with VSD (A) and calcium (B) imaging. White lines show travel trajectories 

for some pixels. Magenta dots indicate bregma location. C. Distribution of instantaneous speeds from all pixels within the 

regions of interest shown in A (red) and B (blue).  D. Same as C but distribution of instantaneous angles.  
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Figure 9. Graphical user interface of “Optical Flow Analysis Toolbox in Matlab for Mesoscale brain activity” (OFAMM). 

The sequence of operation of the toolbox for analyzing optical imaging data parallels the flow chart of data analysis shown 

in Figure 1 i.e. first finding velocity vector fields and then identifying sources, sinks, trajectories of regions or pixels of 

interest, and their temporal speeds. 
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