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Significant objects in a scene can make a great contribution to scene recognition. Besides the three scene-selective regions: parahippocampal place area (PPA), retrosplenial complex (RSC), and occipital place area (OPA), some neuroimaging studies have shown that the lateral occipital complex (LOC) is also engaged in scene recognition processing. In this study, the multivariate pattern analysis was adopted to explore the object-scene association in scene recognition when different amounts of significant objects were masked. The scene classification only succeeded in the intact scene in the ROIs. In addition, the average signal intensity in LOC [including the lateral occipital cortex (LO) and the posterior fusiform area (pF)] decreased when there were masked objects, but such a decrease was not observed in scene-selective regions. These results suggested that LOC was sensitive to the loss of significant objects and mainly involved in scene recognition by the object-scene semantic association. The performance of the scene-selective areas may be mainly due to the fact that they responded to the change of the scene's entire attribute, such as the spatial information, when they were employed in the scene recognition processing. These findings further enrich our knowledge of the significant objects' influence on the activation pattern during the process of scene recognition.
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INTRODUCTION

Scene recognition is a common and important brain activity that can help us access environmental information. Previous studies have indicated that scene recognition relies on intrinsic properties of scenes related to 3D spatial structure, such as expanse or degree of openness (Kravitz et al., 2011; Park et al., 2011; Lowe et al., 2016), and the deepness of scene (Greene and Oliva, 2009; Amit et al., 2012; Park et al., 2015). Furthermore, it has been appreciated that the significant objects in the scene play a vital role in scene recognition. As an important part of the scene, the objects in the scene are of great significance to the scene recognition. In addition to the object size or other related properties (Cate et al., 2011; Konkle and Oliva, 2012; Bainbridge and Oliva, 2015), the scene recognition can be influenced by the association of the scene and objects (Gagne and MacEvoy, 2014; Linsley and Macevoy, 2014a; Sastyin et al., 2015). Many studies have suggested that the nature of scene recognition is the information integration of objects in the scene (Biederman, 1987; Biederman et al., 1988). Moreover, behavioral studies have shown that there is a significant decline in the recognition accuracy when objects are removed from the scene, and the classification accuracy based on brain activation pattern was lower when the objects were removed (MacEvoy and Epstein, 2011). Furthermore, there is a decrease in recognition accuracy when adding the objects that are not semantically associated with the scene (Davenport and Potter, 2004; Joubert et al., 2007).

The related neural mechanism of scene processing has received much attention in the decades. With the help of functional magnetic resonance imaging (fMRI) and other neuroimaging technologies, it has been found that there are three main areas involved in scene processing (MacEvoy and Epstein, 2011; Dilks et al., 2013; Cukur et al., 2016). Previous neuroimaging studies have indicated that the parahippocampal place area (PPA) exhibited a stronger response to scenes than the single object (Henderson et al., 2008; Persichetti and Dilks, 2016). In addition, stimuli from different scenes could activate different signal patterns in PPA (Walther et al., 2009, 2011; MacEvoy and Epstein, 2011; Epstein and Morgan, 2012), which can suggest that the PPA is associated with the processing of scene recognition. The retrosplenial complex (RSC) can be activated when people view or imagine scenes (O'Craven and Kanwisher, 2000), and it has been suggested to be responsible for spatial navigation (Henderson et al., 2008; Auger et al., 2012; Marchette et al., 2014). Moreover, different scenes could evoke different encoding information in RSC (Walther et al., 2009). The occipital place area (OPA) can respond to visually presented scenes (Hasson et al., 2003; MacEvoy and Epstein, 2007; Dilks et al., 2011). In recent years, some neuroimaging studies have found that OPA also plays a causal role in scene perception (Dilks et al., 2013; Ganaden et al., 2013; Kamps et al., 2016b).

It has been appreciated that PPA, RSC, and OPA are the key cortical regions underlying our ability to recognize scenes and use this information in navigation, however, these regions may play different roles in the specific process of scene recognition (Kamps et al., 2016a). There is still no consensus on what information can be encoded in these regions, and the neural mechanism underlying the association between significant objects and scene recognition remains to be clarified. In related studies, the PPA was demonstrated to be responsible for processing the semantic information and showed a stronger response to objects that shared a strong semantic with the scene (Aminoff et al., 2007; Hassabis et al., 2007; Bar et al., 2008; Summerfield, 2010; Howard et al., 2011). Harel et al. found that the PPA could integrate the spatial information of scenes and object information in scenes, and was sensitive to the absence or presence of both the objects and the scene (Harel et al., 2013). However, MacEvoy and Epstein argued that the lateral occipital complex (LOC) could process the semantic information between the scene and objects, which was not found in the PPA (MacEvoy and Epstein, 2011). These inconsistent findings indicate that the role of the PPA has not been definitively determined in describing the semantic association between the scene and the objects. The RSC may share similar functions in scene processing (Maguire, 2001) and one recent functional connectivity study suggested the RSC and PPA formed a scene recognition component (Hao et al., 2016). However, it is unclear whether activation on the RSC is significantly affected by the objects within the scene. Another scene-selective region OPA may prefer to deal with local scene elements rather than global scene properties (Kamps et al., 2016a), therefore we speculated the activation on the OPA would be different if the significant objects are masked in the scenes.

In addition to the above scene-selective regions, the object-selective region can take part in the scene processing and process the relationship between objects and scene. As an important area related to object recognition, the lateral occipital complex (LOC) has shown the correlation between the activity pattern induced by objects and that induced by scenes in several studies (Biederman, 1987; Malach et al., 1995; Grill-Spector et al., 1998; Kourtzi and Kanwisher, 2000; Carlson et al., 2003; James et al., 2003; Sayres and Grill-Spector, 2008; Pitcher et al., 2009). Scenes could be decoded by the activity pattern of objects that had strong semantic relationships with scenes (Peelen et al., 2009; MacEvoy and Epstein, 2011). Furthermore, Harel et al. reported a strong decrease in neural activity when objects were removed from the scene (Harel et al., 2013). These studies indicated a relationship between the activation in the LOC [including the lateral occipital cortex (LO) and the posterior fusiform area (pF)] and significant objects within the scene.

To study the brain neural mechanism of the association between significant objects and scene recognition, we designed an experiment with the scene-categorization task including behavioral and fMRI procedure which has been reported in the work of Miao et al. (2018). In the experiments, four types of images were shown to the participants, with each type including intact images of the scene and images after removing one or two significant objects from the scene. By masking the object in the scene picture, we can study the effect of objects in scene recognition. In our previous study, Miao et al. calculated the signal change and performed functional connectivity analysis based on the object-selective region LOC, and the results showed that the masking objects affected the brain network during scene recognition. In the present study, we focused on the influence of masking objects on the regions of interests (ROIs) in scene recognition by the multivariate pattern analysis (MVPA). In the neuroimaging research, the method has been implemented in various studies (Haxby et al., 2001; Norman et al., 2006; Harrison and Tong, 2009). Compared with the univariate analysis, MVPA can extract multidimensional information more adequately (Norman et al., 2006; Davis et al., 2014). Combined with appropriate classification algorithms, MVPA can be used to classify activity patterns according to stimuli categories (Harrison and Tong, 2009; Emmerling et al., 2016). Therefore, MVPA shows more advantages when we want to study the spatial patterns across multiple brain states. Considering the high dimensional and small sample size of fMRI data, the Support Vector Machine (SVM) algorithm has been widely used in the brain states classification, which has shown a significant advantage in the classification performance and robustness (LaConte et al., 2005; Mourao-Miranda et al., 2005). In recent studies, cross-classification (classifiers trained on data from a condition and tested on data from the other condition or vice versa) has been applied to analyze the brain activity in different conditions (Albers et al., 2013; Boccia et al., 2017), which can contribute to comparing these related but not identical brain activities. For example, cross-classification between perception and imagery was performed to study their association and difference (Cichy et al., 2012; Vetter et al., 2014).

In the present study, we studied the influence of significant objects by the change of scene recognition capacity in some ROIs. To the effects of significant objects on related brain regions, we conducted the univariate analysis to research the signal change on the ROIs and used MVPA to analyze the activation patterns change when the significant objects were masked in the scene. We speculated that the LO and pF were mainly involved in processing the semantic correlation between the scene and significant objects in the scene, which caused the object-selective regions were sensitive to the absence of significant objects. Since the scene-selective regions play different roles in scene recognition, we speculated that the masked significant objects may have different effects on the PPA, RSC, and OPA. By the above analysis, there would be a further understanding of the significant objects' influence on the activation pattern during the process of scene recognition.



MATERIALS AND METHODS


fMRI Data

In this paper, the fMRI dataset is from our previous study published by Miao et al. (2018). Here, we gave a brief description of the fMRI experiment for a better understanding, and more details could be found in their publication.

Fourteen right-hand healthy participants were recruited in a visual experiment, in which they watched four kinds of scenes images: kitchen and bathroom (indoor scenes), intersection, and playground (outdoor scenes). Each kind of scene had four versions (NM: complete photographs; M1(A): photographs where only object A was masked; M1(B): photographs where only object B was masked; M2: photographs where both object A and object B were masked). Defining the combination of each type of scene and masking degree as a condition, the photographs can be divided into 16 conditions (4 scene categories × 4 versions) when considering the scene category and masked degree.

A block-design paradigm was used in this study. The experiment consisted of three functional runs and one localizer run. In the three functional runs, photographs of all the 16 different conditions were presented, in which 8 s of baseline was first presented, followed by 16 blocks. The sample object images and experimental design were shown in Figure 1, which referenced to the fMRI data description of Miao et al. (2018). In addition, the localizer run referred to the paradigm designed by MacEvoy (MacEvoy and Epstein, 2011) which could help us define the related brain areas. Then the details of fMRI data preprocessing can be found in the part of experimental procedures in the publication of Miao et al. (2018).


[image: Figure 1]
FIGURE 1. Experiment design and materials. (A) The experimental paradigm of a single run: the run started with an 8-s fixation and followed by 16 blocks, which were separated by an 8-s rest interval. Each block consists of 8 trials with images of the same scene category. (B) The paradigm of a single trial: a 500 ms fixation was shown at first, then a 150 ms stimulus image, followed by a 350 ms mask. Subjects were then required to judge the scene category within 3000 ms. (C) Stimulus examples from all kinds of scene categories: four kinds of scenes images in the conditions of no object was masked (NM), only one object was masked (M1), and two objects were masked (M2).




ROI Selection

According to previous studies on the localization method of visual ROI (Malach et al., 1995; Grill-Spector et al., 1998), ROIs were defined based on the activation diagram from the localizer run. Compared with our previous work (Miao et al., 2018), we added four new ROIs, including the pF, LO, OPA, and EVC. The pF and LO were defined as through the contrast object minus phase-scrambled objects, we set the peak response in the later-ventral occipitotemporal cortex, and we located the pF and LO, respectively. OPA was defined in the transverse occipital sulcus where the response to scenes condition was stronger than objects condition. As a control area, the EVC was defined in the posterior occipital lobe through the contrast of phase-scrambled objects minus intact objects. The PPA and RSC were defined in the posterior parahippocampal-collateral sulcus region and retrosplenial cortex, referring to the work of Miao et al. (2018). Figure 2 showed the activation in each of ROI at the group level. The peak coordinates and peak intensity of functional ROIs at the group level were shown in Table 1. To avoid the interindividual differences in anatomic locations of the regions, the ROIs were identified as spheres with an 8 mm radius in every subject and the ROI coordinates for each subject were located defined at the local maxima closest to the group peak coordinates.


[image: Figure 2]
FIGURE 2. Locations of functional ROIs based on the group analysis in the localizer run. LO, lateral occipital complex; pF, posterior fusiform area; PPA, parahippocampal place area; RSC, retrosplenial complex; OPA, occipital place area; EVC, early visual cortex.



Table 1. The peak coordinates and peak intensity of functional ROIs in the group level.
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Multivariate Pattern Analysis

To clarify the roles of significant objects in scene recognition in ROIs, we calculated the scene classification accuracy using the activation pattern in these regions (LO, pF, PPA, RSC, and OPA) and the control area EVC. The defined ROIs contribute to feature selection, and the voxels involved in the defined ROIs were included in the classification analysis. Brain patterns are labeled according to all the scene conditions (scene categories × mask conditions). In the present study, the SVM classifier was used to implement the four-way classification (kitchen, bathroom, intersection, and playground) in different mask conditions (NM, M1, and M2) (Chang and Lin, 2011). Unsmoothed functional data were used in the classification processing because the spatial smoothing would destroy some useful variables (Samuel Schwarzkopf and Rees, 2011). The classification was conducted through the leave-one run out cross-validation approach, which contributed to the stable and dependable classification results by avoiding the higher correlation of the data from the same run (Wolbers et al., 2011; Axelrod and Yovel, 2012). Afterward, we conducted the one-sample t-test on the classification performances to test whether the statistical value was statistically significant (p < 0.05). Then the one-way repeated measures ANOVA was performed to test the effect of mask conditions. In order to assure the classification performances were reliable, we shuffled the labels and randomly assigned to the training samples and performed the four scene classification analysis with the same procedure based on the “shuffled” data (Stelzer et al., 2013).

In addition, we performed the cross-classification analysis in which the intact (NM) scene data were used to train the SVM model, and M1 and M2 data were used as the test dataset. Then, the one-sample t-test was performed on the classification results to show the difference and similarity of activation pattern between the complete scene and scene with masked significant objects.



Univariate Analysis

The result of pattern recognition reflected the overall pattern of all voxels in the same region, while percent signal change can reflect the activation intensity in a single region. We used the marsbar software (http://marsbar.sourceforge.net/) to calculate the signal change in the ROIs in three masked conditions separately (NM, M1, and M2). Then paired samples t-test was conducted between the conditions in each region to investigate whether the activation is different across different masked conditions. In addition, we performed repeated-measures ANOVA to study the difference of activation intensity across ROIs.




RESULTS


Classification Analysis by MVPA
 
Scene Classification in Different Mask Condition

To study the influence of masked objects on the scene classification, we calculated and compared the classification accuracy of the activation pattern in the three kinds of mask conditions (NM, M1, and M2). When we classified scenes based on the activation pattern in the LO, the results showed that the classification accuracy is not significant higher than the chance level (25%) when there was object masked in the scene picture (NM: 49.44%, t13 = 8.13, p < 0.001; M1: 21.83%, t13 = −2.75, p = 0.017; M2: 27.12%, t13 = 0.89, p = 0.391). One-way repeated-measures ANOVA was performed to test the role of mask conditions in the accuracy decline, and the result showed that the classification differences in different conditions were statistically significant (F = 35.69, p < 0.001). The post-hoc tests showed accuracy in NM was significantly >M1 (p < 0.001) and M2 (p < 0.001), however, there wasn't a significant difference between M1 and M2 (p = 0.085).

Then we performed the above analysis on other ROIs, and the activation pattern corresponding to scenes with masked objects was not significantly classified. The results showed greater classification accuracies in the NM than the conditions with masked objects.

In the pF, the successful classification was only observed in the NM condition (NM: 47.73%, t13 = 6.85, p < 0.001; M1: 24.63%, t13 = −0.24, p = 0.818; M2: 26.90%, t13 = 1.12, p = 0.283), and there was significant difference in the different mask conditions (F = 23.49, p < 0.001) by the one-way repeated measures ANOVA. The post-hoc tests showed classification accuracy in NM condition was significantly >M1 (p < 0.001) and M2 (p < 0.001). We also compared the classification accuracies in the M1 and M2, however, there wasn't significant difference (p = 0.406).

There was also a decline for the accuracies of scene classification in the PPA with more objects masked in three conditions (NM: 46.02%, t13 = 6.39, p < 0.001; M1: 25.48%, t13 = 0.40, p = 0.693; M2: 27.79%, t13 = 1.49, p = 0.160). One-way repeated measures ANOVA showed significant differences in three conditions (F = 26.28, p < 0.001) and accuracy in NM was significantly >M1 and M2 (p < 0.001) by post-hoc tests. However, there wasn't significant difference between M1 and M2 (p = 0.289).

In the RSC, the decoding only succeed in NM condition (NM: 49.93%, t13 = 8.59, p < 0.001; M1: 23.79%, t13 = −1.05, p = 0.311; M2: 27.75%, t13 = 1.26, p = 0.229), and the accuracy differences in the different mask conditions were statistically significant (F = 41.16, p < 0.001). The difference was from the classification accuracy in the NM and that in the M1 and M2 (p < 0.001) by post-hoc tests, however, there wasn't significant difference between M1 and M2 (p = 0.182). The classification results in the OPA were similar, that is, classification accuracies were significantly above the chance level in the NM conditions (NM: 49.18%, t13 = 9.96, p < 0.001; M1: 24.48%, t13 = −0.40, p = 0.697; M2: 29.72%, t13 = 2.04, p = 0.063). There was significant difference in the different mask conditions (F = 41.56, p < 0.001), and post-hoc tests showed NM was significantly >M1 and M2 (p < 0.001). However, there wasn't significant difference between M1 and M2 (p = 0.054).

In the EVC, the successful classifications were observed in the NM (NM: 51.15%, t13 = 9.65, p < 0.001; M1: 27.85%, t13 = 1.72, p = 0.110; M2: 28.61%, t13 = 1.80, p = 0.096). One-way repeated measures ANOVA showed significant differences in three conditions (F = 28.70, p < 0.001). The classification accuracy in the NM was significantly >M1 (p < 0.001) and M2 (p < 0.001) by post-hoc tests, however, there wasn't significant difference between M1 and M2 (p = 0.803). The classification results in all ROIs were shown in Figure 3.


[image: Figure 3]
FIGURE 3. Pattern classification analysis based on the activation in ROIs. The black line indicates the chance level (25%). Stars indicate significant classification accuracy in each condition and the significant difference between the two conditions; ***p < 0.001, **p < 0.01, *p < 0.05.




Cross-Classification Between Different Conditions

In the cross-classification analysis, the brain data from M1 condition can be decoded when we used the data from NM as the train data. In the objects-selective regions and scene-selective regions, the classification accuracies were significantly higher than chance-level (LO: 29.56%, t13 = 3.85, p = 0.002; pF: 29.48%, t13 = 2.38, p < 0.001; PPA: 28.83%, t13 = 3.20, p = 0.007; RSC: 28.03%, t13 = 3.22, p = 0.007; OPA:28.83% t13 = 3.09, p = 0.009; EVC:28.42%, t13 = 2.67, p = 0.019). However, the classification failed in the M2 condition when we used the classification model trained on the NM condition. The cross-classification results in the M1 and M2 conditions were shown in Figure 4.


[image: Figure 4]
FIGURE 4. Cross-classification analysis in M1 and M2 conditions. The black line indicates the chance level (25%). Stars indicate significant classification accuracy which is higher than the chance level in each condition; ***p < 0.001, **p < 0.01, *p < 0.05.





Signal Changes in the Univariate Analysis

In addition to analyzing the changes in activation patterns, we also compared the intensity of activation in these brain regions under different conditions. During the process of scene recognition, there were significant signal changes in the LO, pF, PPA, and the control region EVC relative to the baseline state. The significant signal change and trend of reduction can be found in the LO (NM: 0.48, t13 = 4.25, p < 0.001; M1: 0.37, t13 = 4.27, p < 0.001; and M2: 0.36, t13 = 3.237, p = 0.006). The paired t-tests indicated that the signal change of NM was significantly greater than that of M1 (t13 = 2.63, p = 0.021) and M2 (t13 = 2.250, p = 0.043). The similar results can be found in the pF with significant signal changes in all the conditions (NM: 0.31, t13 = 6.06, p < 0.001; M1: 0.27, t13 = 8.38, p < 0.001; and M2: 0.22, t13 = 8.00, p < 0.001). There is also a significant difference between NM and M2 (t13 = 2.33, p = 0.037, paired t-test). These results are consistent with the signal change results of Miao et al. (2018), in which the LOC was studies as a whole.

In the PPA, the significant signal change was observed (NM: 0.12, t13 = 4.57, p < 0.001; M1: 0.10, t13 = 4.28, p < 0.001; and M2: 0.12, t13 = 3.34, p < 0.01), but paired t-tests indicated that there was no obvious reduction trend across different mask conditions. The results of signal change in the RSC and PPA were reported in the work of Miao et al. The results of signal change in the RSC and OPA were not significant, and we added some detailed description about the value of signal change in present study (RSC: NM: −0.012, t13 = −1.03, p = 0.320; M1: −0.017, t13 = −1.98, p = 0.070; and M2: −0.020%, t13 = −1.51, p = 0.154; OPA: NM: 0.12, t13 = 2.10, p = 0.06; M1: 0.02, t13 = 0.36, p = 0.73; and M2: 0.12, t13 = 1.65, p = 0.12).

In the control area EVC, significant signal change was observed in each condition (NM: 1.13, t13 = 8.61, p < 0.001; M1: 1.05, t13 = 9.90, p < 0.001; and M2: 1.09, t13 = 8.68, p < 0.001). Paired t-tests suggested that there was no significant transformation trend in the different mask conditions. The results of all ROIs were shown in Figure 5.


[image: Figure 5]
FIGURE 5. Signal changes of all ROIs with different objects are masked. The significant signal change can be found in LO, pF, EVC, and PPA. The difference between three mask conditions was observed by paired-sample t-test; ***p < 0.001, **p < 0.01, *p < 0.05.


In addition to examining the differences in the activation intensity under different conditions, we also compared the signal changes across ROI in the same condition. The repeated-measures ANOVA was performed and the results showed that there were significant differences across ROIs in each condition (NM: F = 69.66, p < 0.001; M1: F = 73.01, p < 0.001; and M2: F = 66.00, p < 0.001). The signal change in EVC was significantly higher than that in other ROIs in each of the conditions (p < 0.001, post-hoc tests). The signal change in the LO was not significantly different from that in the pF, while there is a significant difference compared to scene-selective ROIs in conditions of NM and M1 (NM: LO vs. PPA, p = 0.004, LO vs. RSC, p = 0.004, and LO vs. OPA, p = 0.022; M1: LO vs. PPA, p = 0.021, LO vs. RSC, p = 0.002, and LO vs. OPA, p = 0.014). In the condition of M2, there is a significant difference between the LO and RSC (p < 0.001), which is similar to the comparison between pF and RSC (p < 0.001). In conditions of NM and M1, signal change in the pF was significantly higher than that in the PPA and RSC (NM: pF vs. PPA, p = 0.021, pF vs. RSC, p < 0.001; M1: pF vs. PPA, p = 0.029, pF vs. RSC, p < 0.001).




DISCUSSION

The objects in the scene play an important role when people identify the scene category. In the present study, we investigated the neural mechanism of this phenomenon based on the change of the brain activation pattern when participants viewed the scenes in which the significant objects were masked. Miao et al have reported the significant influence of masking objects on behavior results that the accuracy of scene recognition decreased as more masked objects were removed, while the reaction time of the participants increased (Miao et al., 2018). Our analysis of the brain activation pattern also showed the neural representation activated by different mask conditions was significantly different in the related brain regions, which suggested that significant objects played an important role in the processing of scene recognition. Furthermore, the activation pattern showed more difference when more objects were masked, and the details are different in these brain regions.

As the object-selective region, the LOC plays important role in processing object information, which has been suggested in many previous studies, but the relationship between the LOC and scene recognition remains to be further demonstrated (Biederman, 1987; Malach et al., 1995; Grill-Spector et al., 1998; Carlson et al., 2003; James et al., 2003; Sayres and Grill-Spector, 2008; Pitcher et al., 2009). In the present study, significant classification accuracy was found in the NM condition in the object-selective region, which was significantly higher than those in M1 and M2 conditions. In the control region, however, the activation intensity of EVC was not significantly different in the three conditions. Therefore, we speculated that the decline of the activation intensity in the LO and pF suggested that the object-selective region was responsible for processing object information. One recent study found that a virtual scene with a single object induced stronger activations than a scene without objects (Harel et al., 2013), which is in line with our study. Harel's work studied the virtual scene with only one object, but real scenes are more complex and there are different objects in a scene. In our study, we further investigated whether it can induce a change in the activation pattern in brain regions if different numbers of objects were masked in the scene. According to the difference of the percent signal change across the different scene conditions, we can speculate that the activation intensity in the LOC had an intimate relationship with the amount of within-scene objects. According to classification analysis, the activation pattern of the complete scene was more effective when it was used to decode the scene categories compared with that in which one or two objects were masked in LO and pF. Statistical results showed that the accuracy of classification was not significantly different from the chance level in both of the M1 and M2 conditions, and the classification accuracies in M1 and M2 conditions were significantly lower than that in NM. Furthermore, the cross-classification succeeded between the NM and M1 conditions rather than between the NM and M2, which is consistent with the behavioral results that the more masked objects lead to the lower the scene discrimination accuracy. These results suggested there was a similar activation pattern when only one object was masked compared with the condition M2. According to the related research, we speculated that object-selective region could process the integrated information of objects and scenes in the processing of scene recognition (MacEvoy and Epstein, 2011; Linsley and MacEvoy, 2014b; Lescroart et al., 2015), and the LO and pF were responsible for processing the semantic association between objects in scenes and scenes during the processing of scene recognition.

For the scene-selective regions, the activation intensity did not change significantly across different conditions. There were significant signal changes in the PPA, however, it shows no significant difference when objects were masked. Compared with the object-selective region, the results suggested the activation intensity in the PPA was not sensitive to the univariate modulation caused by the masked object. Compared with the univariate analysis, the MVPA can contribute to finding more information based on the activation pattern. The classification accuracy was significantly higher than chance-level in the PPA under the condition of NM, however, the decoding failed in the conditions of M1 and M2. The result showed that the masked object made an effect on the activation pattern of PPA, although there was no significant difference in the activation intensity. In the scene recognition, the spatial properties of scenes may be more dominant for the PPA. Previous studies suggested that the PPA was only responsible for the attribute information of scenes, and it could not be activated by objects(MacEvoy and Epstein, 2011; Persichetti and Dilks, 2016), however, the other studies argued that the PPA was capable of processing the objects' information related to the scene (Aminoff et al., 2007; Hassabis et al., 2007; Henderson et al., 2008; Summerfield, 2010; Harel et al., 2013) and it could even be affected by the information of significant objects (Linsley and Macevoy, 2014a), which was consistent with our results. Also, there was a study that confirmed the structural and functional basis of the PPA on processing the scene-relevant relationship between objects and scenes by using the method of voxel-based morphometry and functional connectivity (Hao et al., 2016).

In the activation intensity analysis, it was revealed that the signal changes were not significant in the RSC and OPA in full scenes or scenes with masked objects. As a control region, it is conceivable that EVC activation intensity must be significant. We speculated that the stimuli were presented for participants a relatively short time, which made the scene-selective regions acquire no enough information on the scene attribute. Furthermore, these regions contribute more to the spatial navigation and imagination instead of scene categorization (Epstein, 2008; Marchette et al., 2014; Vass and Epstein, 2016), which may be another reason for not finding significant signal change. Although the signal change did not show a significant value, the full scene could still be decoded based on the activation pattern of the RSC and OPA. Based on the classification results, we found that only full scenes could be successfully decoded in the RSC, while the scenes with masked objects could not be classified. The RSC was demonstrated to be specifically responsible for processing the spatial information of scenes (Henderson et al., 2008). One recent study indicated that the RSC anchored to local topographical features and generalized across local spatial contexts with similar structures (Marchette et al., 2014). Moreover, the absence of objects might affect the representation of the entire attribute of the scene space. When one or two objects were removed, the spatial structure of the scene was damaged, and the activation pattern could not provide enough information, which caused the low accuracy of pattern recognition. Therefore, we speculated that RSC is not recruited to process the semantic associations between scenes and objects, which is consistent with another research of our group about scene processing (Wang et al., 2018). According to recent studies, the OPA may pay more attention to local scene elements rather than global scene properties (Kamps et al., 2016a). We speculated that the masked objects in the scene might change the local elements so the OPA is sensitive to the lack of objects. These findings indicated that activation in the RSC and OPA was more responsive to the properties of the scene. As a control region, the MVPA results of the EVC shared more similarities with the scene-selective regions. The scene classification succeeded in the NM condition, and there was a significant decline in the two masked scene conditions. The EVC process low-level features properties in visual processing (such as the presence of text). We speculated that scene-selective areas are recruited to process scene recognition based on the entire attribute of the scene while the object-selective region can process the semantic association between objects and scenes in the processing of scene recognition.



CONCLUSIONS

In this study, we tried to explore the roles and mechanisms of related regions in processing the association between the significant objects and scene by masking different objects in the scene. The impact of significant objects in scene recognition has been demonstrated in previous behavior research. The present study suggested that the LO and pF were sensitive to the absence of significant objects, and the effect may be caused by processing the semantic correlation between the scene and significant objects in the scene. The scene-selective regions were sensitive to the masked objects which might be due to the change of local scene elements, which caused the difference in spatial properties of the scene. Overall, the regions related to the scene recognition were affected by the information of significant objects according to their main function in the scene recognition, and the significant objects in the scene could play an important role in scene recognition.



DATA AVAILABILITY STATEMENT

The datasets presented in this article are not readily available because the data is being a part of an ongoing study in the research group so the datasets cannot be shared at this time. Requests to access the datasets should be directed to the corresponding author.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by the Research Ethics Committee of Tianjin Key Lab of Cognitive Computing and Application, Tianjin University. The patients/participants provided their written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

BL and WY designed the experiments. JG and WY analyzed results. JG wrote the main manuscript text and prepared the figures. BL, QM, and JW contributed to the manuscript revision. All authors contributed to discuss the results and have approved the final manuscript.



FUNDING

This work was supported by the National Natural Science Foundation of China (No. U1736219), the National Key Research and Development Program of China (No. 2018YFB0204304), and the Fundamental Research Funds for the Central Universities of China (No. FRF-MP-19-007).



ACKNOWLEDGMENTS

The authors would like to thank Prof. Sean MacEvoy (Department of psychology, Boston College, MA, USA) for supplying the stimuli in the procedure.



REFERENCES

 Albers, A. M., Kok, P., Toni, I., Dijkerman, H. C., and de Lange, F. P. (2013). Shared representations for working memory and mental imagery in early visual cortex. Curr. Biol. 23, 1427–1431. doi: 10.1016/j.cub.2013.05.065

 Aminoff, E., Gronau, N., and Bar, M. (2007). The parahippocampal cortex mediates spatial and nonspatial associations. Cereb. Cortex 17, 1493–1503. doi: 10.1093/cercor/bhl078

 Amit, E., Mehoudar, E., Trope, Y., and Yovel, G. (2012). Do object-category selective regions in the ventral visual stream represent perceived distance information? Brain Cogn. 80, 201–213. doi: 10.1016/j.bandc.2012.06.006

 Auger, S. D., Mullally, S. L., and Maguire, E. A. (2012). Retrosplenial cortex codes for permanent landmarks. PLoS ONE 7:e43620. doi: 10.1371/journal.pone.0043620

 Axelrod, V., and Yovel, G. (2012). Hierarchical processing of face viewpoint in human visual cortex. J. Neurosci. 32, 2442–2452. doi: 10.1523/JNEUROSCI.4770-11.2012

 Bainbridge, W. A., and Oliva, A. (2015). Interaction envelope: local spatial representations of objects at all scales in scene-selective regions. Neuroimage 122, 408–416. doi: 10.1016/j.neuroimage.2015.07.066

 Bar, M., Aminoff, E., and Ishai, A. (2008). Famous faces activate contextual associations in the parahippocampal cortex. Cereb. Cortex 18, 1233–1238. doi: 10.1093/cercor/bhm170

 Biederman, I. (1987). Recognition-by-components: a theory of human image understanding. Psychol. Rev. 94, 115–147. doi: 10.1037/0033-295X.94.2.115

 Biederman, I., Blickle, T. W., Teitelbaum, R. C., and Klatsky, G. J. (1988). Object search in nonscene displays. J. Exp. Psychol. Learn. Mem. Cogn. 14, 456–467. doi: 10.1037/0278-7393.14.3.456

 Boccia, M., Sulpizio, V., Palermo, L., Piccardi, L., Guariglia, C., and Galati, G. (2017). I can see where you would be: patterns of fMRI activity reveal imagined landmarks. NeuroImage 144, 174–182. doi: 10.1016/j.neuroimage.2016.08.034

 Carlson, T. A., Schrater, P., and He, S. (2003). Patterns of activity in the categorical representations of objects. J. Cogn. Neurosci. 15, 704–717. doi: 10.1162/jocn.2003.15.5.704

 Cate, A. D., Goodale, M. A., and Kohler, S. (2011). The role of apparent size in building- and object-specific regions of ventral visual cortex. Brain Res. 1388, 109–122. doi: 10.1016/j.brainres.2011.02.022

 Chang, C. C., and Lin, C. J. (2011). LIBSVM: a library for support vector machines. ACM Trans. Intell. Syst. Technol. 2:27, 1–27. doi: 10.1145/1961189.1961199

 Cichy, R. M., Heinzle, J., and Haynes, J. D. (2012). Imagery and perception share cortical representations of content and location. Cereb. Cortex 22, 372–380. doi: 10.1093/cercor/bhr106

 Cukur, T., Huth, A. G., Nishimoto, S., and Gallant, J. L. (2016). Functional subdomains within scene-selective cortex: parahippocampal place area, retrosplenial complex, and occipital place area. J. Neurosci. 36, 10257–10273. doi: 10.1523/JNEUROSCI.4033-14.2016

 Davenport, J. L., and Potter, M. C. (2004). Scene consistency in object and background perception. Psychol. Sci. 15, 559–564. doi: 10.1111/j.0956-7976.2004.00719.x

 Davis, T., LaRocque, K. F., Mumford, J. A., Norman, K. A., Wagner, A. D., and Poldrack, R. A. (2014). What do differences between multi-voxel and univariate analysis mean? how subject-, voxel-, and trial-level variance impact fMRI analysis. NeuroImage 97, 271–283. doi: 10.1016/j.neuroimage.2014.04.037

 Dilks, D. D., Julian, J. B., Kubilius, J., Spelke, E. S., and Kanwisher, N. (2011). Mirror-image sensitivity and invariance in object and scene processing pathways. J. Neurosci. 31, 11305–11312. doi: 10.1523/JNEUROSCI.1935-11.2011

 Dilks, D. D., Julian, J. B., Paunov, A. M., and Kanwisher, N. (2013). The occipital place area is causally and selectively involved in scene perception. J. Neurosci. 33, 1331–1336. doi: 10.1523/JNEUROSCI.4081-12.2013

 Emmerling, T. C., Zimmermann, J., Sorger, B., Frost, M. A., and Goebel, R. (2016). Decoding the direction of imagined visual motion using 7T ultra-high field fMRI. NeuroImage 125, 61–73. doi: 10.1016/j.neuroimage.2015.10.022

 Epstein, R. A. (2008). Parahippocampal and retrosplenial contributions to human spatial navigation. Trends Cogn. Sci. 12, 388–396. doi: 10.1016/j.tics.2008.07.004

 Epstein, R. A., and Morgan, L. K. (2012). Neural responses to visual scenes reveals inconsistencies between fMRI adaptation and multivoxel pattern analysis. Neuropsychologia 50, 530–543. doi: 10.1016/j.neuropsychologia.2011.09.042

 Gagne, C. R., and MacEvoy, S. P. (2014). Do simultaneously viewed objects influence scene recognition individually or as groups? two perceptual studies. PLoS ONE 9:e102819. doi: 10.1371/journal.pone.0102819

 Ganaden, R. E., Mullin, C. R., and Steeves, J. K. E. (2013). Transcranial magnetic stimulation to the transverse occipital sulcus affects scene but not object processing. J. Cogn. Neurosci. 25, 961–968. doi: 10.1162/jocn_a_00372

 Greene, M. R., and Oliva, A. (2009). Recognition of natural scenes from global properties: seeing the forest without representing the trees. Cogn. Psychol. 58, 137–176. doi: 10.1016/j.cogpsych.2008.06.001

 Grill-Spector, K., Kushnir, T., Edelman, S., Itzchak, Y., and Malach, R. (1998). Cue-invariant activation in object-related areas of the human occipital lobe. Neuron 21, 191–202. doi: 10.1016/S0896-6273(00)80526-7

 Hao, X., Huang, Y., Li, X., Song, Y., Kong, X., Wang, X., et al. (2016). Structural and functional neural correlates of spatial navigation: a combined voxel-based morphometry and functional connectivity study. Brain Behav. 6:e00572. doi: 10.1002/brb3.572

 Harel, A., Kravitz, D. J., and Baker, C. I. (2013). Deconstructing visual scenes in cortex: gradients of object and spatial layout information. Cereb. Cortex 23, 947–957. doi: 10.1093/cercor/bhs091

 Harrison, S. A., and Tong, F. (2009). Decoding reveals the contents of visual working memory in early visual areas. Nature 458, 632–635. doi: 10.1038/nature07832

 Hassabis, D., Kumaran, D., and Maguire, E. A. (2007). Using imagination to understand the neural basis of episodic memory. J. Neurosci. Off. J. Soc. Neurosci. 27, 14365–14374. doi: 10.1523/JNEUROSCI.4549-07.2007

 Hasson, U., Malach, R., Harel, M., and Levy, I. (2003). Large-scale mirror-symmetry organization of human occipito-temporal object areas. Neuron Glia Biol. 37, 1027–1041. doi: 10.1016/S0896-6273(03)00144-2

 Haxby, J. V., Gobbini, M. I., Furey, M. L., Ishai, A., Schouten, J. L., and Pietrini, P. (2001). Distributed and overlapping representations of faces and objects in ventral temporal cortex. Science 293, 2425–2430. doi: 10.1126/science.1063736

 Henderson, J. M., Larson, C. L., and Zhu, D. C. (2008). Full scenes produce more activation than close-up scenes and scene-diagnostic objects in parahippocampal and retrosplenial cortex: an fMRI study. Brain Cogn. 66, 40–49. doi: 10.1016/j.bandc.2007.05.001

 Howard, L. R., Kumaran, D., Ólafsdóttir, H. F., and Spiers, H. J. (2011). Double dissociation between hippocampal and parahippocampal responses to object-background context and scene novelty. J. Neurosci. 31, 5253–5261. doi: 10.1523/JNEUROSCI.6055-10.2011

 James, T. W., Culham, J., Humphrey, G. K., Milner, A. D., and Goodale, M. A. (2003). Ventral occipital lesions impair object recognition but not object-directed grasping: an fMRI study. Brain 126, 2463–2475. doi: 10.1093/brain/awg248

 Joubert, O. R., Rousselet, G. A., Fize, D., and Fabre-Thorpe, M. (2007). Processing scene context: fast categorization and object interference. Vision Res. 47, 3286–3297. doi: 10.1016/j.visres.2007.09.013

 Kamps, F. S., Julian, J. B., Kubilius, J., Kanwisher, N., and Dilks, D. D. (2016a). The occipital place area represents the local elements of scenes. Neuroimage 132, 417–424. doi: 10.1016/j.neuroimage.2016.02.062

 Kamps, F. S., Lall, V., and Dilks, D. D. (2016b). The occipital place area represents first-person perspective motion information through scenes. Cortex 83, 17–26. doi: 10.1016/j.cortex.2016.06.022

 Konkle, T., and Oliva, A. (2012). A real-world size organization of object responses in occipitotemporal cortex. Neuron 74, 1114–1124. doi: 10.1016/j.neuron.2012.04.036

 Kourtzi, Z., and Kanwisher, N. (2000). Cortical regions involved in perceiving object shape. J. Neurosci. 20, 3310–3318. doi: 10.1523/JNEUROSCI.20-09-03310.2000

 Kravitz, D. J., Peng, C. S., and Baker, C. I. (2011). Real-world scene representations in high-level visual cortex: it's the spaces more than the places. J. Neurosci. 31, 7322–7333. doi: 10.1523/JNEUROSCI.4588-10.2011

 LaConte, S., Strother, S., Cherkassky, V., Anderson, J., and Hu, X. (2005). Support vector machines for temporal classification of block design fMRI data. NeuroImage 26, 317–329. doi: 10.1016/j.neuroimage.2005.01.048

 Lescroart, M. D., Stansbury, D. E., and Gallant, J. L. (2015). Fourier power, subjective distance, and object categories all provide plausible models of BOLD responses in scene-selective visual areas. Front. Comput. Neurosci. 9:135. doi: 10.3389/fncom.2015.00135

 Linsley, D., and Macevoy, S. P. (2014a). Encoding-stage crosstalk between object- and spatial property-based scene processing pathways. Cereb. Cortex 25, 2267–2281. doi: 10.1093/cercor/bhu034

 Linsley, D., and MacEvoy, S. P. (2014b). Evidence for participation by object-selective visual cortex in scene category judgments. J. Vis. 14:19. doi: 10.1167/14.9.19

 Lowe, M. X., Gallivan, J. P., Ferber, S., and Cant, J. S. (2016). Feature diagnosticity and task context shape activity in human scene-selective cortex. Neuroimage 125, 681–692. doi: 10.1016/j.neuroimage.2015.10.089

 MacEvoy, S. P., and Epstein, R. A. (2007). Position selectivity in scene- and object-responsive occipitotemporal regions. J. Neurophysiol. 98, 2089–2098. doi: 10.1152/jn.00438.2007

 MacEvoy, S. P., and Epstein, R. A. (2011). Constructing scenes from objects in human occipitotemporal cortex. Nat. Neurosci. 14, 1323–1329. doi: 10.1038/nn.2903

 Maguire, E. A. (2001). The retrosplenial contribution to human navigation: a review of lesion and neuroimaging findings. Scand. J. Psychol. 42, 225–238. doi: 10.1111/1467-9450.00233

 Malach, R., Reppas, J. B., Benson, R. R., Kwong, K. K., Jiang, H., Kennedy, W. A., et al. (1995). Object-related activity revealed by functional magnetic resonance imaging in human occipital cortex. Proc. Natl. Acad. Sci. U.S.A. 92, 8135–8139. doi: 10.1073/pnas.92.18.8135

 Marchette, S. A., Vass, L. K., Ryan, J., and Epstein, R. A. (2014). Anchoring the neural compass: coding of local spatial reference frames in human medial parietal lobe. Nat. Neurosci. 17, 1598–1606. doi: 10.1038/nn.3834

 Miao, Q., Zhang, G., Yan, W., and Liu, B. (2018). Investigating the brain neural mechanism when signature objects were masked during a scene categorization task using functional MRI. Neuroscience 388, 248–262. doi: 10.1016/j.neuroscience.2018.07.030

 Mourao-Miranda, J., Bokde, A. L., Born, C., Hampel, H., and Stetter, M. (2005). Classifying brain states and determining the discriminating activation patterns: support vector machine on functional MRI data. NeuroImage 28, 980–995. doi: 10.1016/j.neuroimage.2005.06.070

 Norman, K. A., Polyn, S. M., Detre, G. J., and Haxby, J. V. (2006). Beyond mind-reading: multi-voxel pattern analysis of fMRI data. Trends Cogn. Sci. 10, 424–430. doi: 10.1016/j.tics.2006.07.005

 O'Craven, K. M., and Kanwisher, N. (2000). Mental imagery of faces and places activates corresponding stimulus-specific brain regions. J. Cogn. Neurosci. 12, 1013–1023. doi: 10.1162/08989290051137549

 Park, S., Brady, T. F., Greene, M. R., and Oliva, A. (2011). Disentangling scene content from spatial boundary: complementary roles for the parahippocampal place area and lateral occipital complex in representing real-world scenes. J. Neurosci. 31, 1333–1340. doi: 10.1523/JNEUROSCI.3885-10.2011


 Park, S., Konkle, T., and Oliva, A. (2015). Parametric coding of the size and clutter of natural scenes in the human brain. Cereb. Cortex 25, 1792–1805. doi: 10.1093/cercor/bht418

 Peelen, M. V., Fei-Fei, L., and Kastner, S. (2009). Neural mechanisms of rapid natural scene categorization in human visual cortex. Nature 460, 94–97. doi: 10.1038/nature08103

 Persichetti, A. S., and Dilks, D. D. (2016). Perceived egocentric distance sensitivity and invariance across scene-selective cortex. Cortex 77, 155–163. doi: 10.1016/j.cortex.2016.02.006

 Pitcher, D., Charles, L., Devlin, J. T., Walsh, V., and Duchaine, B. (2009). Triple dissociation of faces, bodies, and objects in extrastriate cortex. Curr. Biol. 19, 319–324. doi: 10.1016/j.cub.2009.01.007

 Samuel Schwarzkopf, D., and Rees, G. (2011). Pattern classification using functional magnetic resonance imaging. Wiley Interdiscip. Rev. Cogn. Sci. 2, 568–579. doi: 10.1002/wcs.141

 Sastyin, G., Niimi, R., and Yokosawa, K. (2015). Does object view influence the scene consistency effect? Atten. Percept. Psychophys. 77, 856–866. doi: 10.3758/s13414-014-0817-x

 Sayres, R., and Grill-Spector, K. (2008). Relating retinotopic and object-selective responses in human lateral occipital cortex. J. Neurophysiol. 100, 249–267. doi: 10.1152/jn.01383.2007

 Stelzer, J., Chen, Y., and Turner, R. (2013). Statistical inference and multiple testing correction in classification-based multi-voxel pattern analysis (MVPA): random permutations and cluster size control. NeuroImage 65, 69–82. doi: 10.1016/j.neuroimage.2012.09.063

 Summerfield, J. J. (2010). Differential engagement of brain regions within a 'core' network during scene construction. Neuropsychologia 48, 1501–1509. doi: 10.1016/j.neuropsychologia.2010.01.022

 Vass, L. K., and Epstein, R. A. (2016). Common neural representations for visually guided reorientation and spatial imagery. Cereb. Cortex 27, 1457–1471. doi: 10.1093/cercor/bhv343

 Vetter, P., Smith, F. W., and Muckli, L. (2014). Decoding sound and imagery content in early visual cortex. Cur.r Biol. 24, 1256–1262. doi: 10.1016/j.cub.2014.04.020

 Walther, D. B., Caddigan, E., Fei-Fei, L., and Beck, D. M. (2009). Natural scene categories revealed in distributed patterns of activity in the human brain. J. Neurosci. 29, 10573–10581. doi: 10.1523/JNEUROSCI.0559-09.2009

 Walther, D. B., Chai, B., Caddigan, E., Beck, D. M., and Fei-Fei, L. (2011). Simple line drawings suffice for functional MRI decoding of natural scene categories. Proc. Natl. Acad. Sci. U.S.A. 108, 9661–9666. doi: 10.1073/pnas.1015666108

 Wang, S., Cao, L., Xu, J., Zhang, G., Lou, Y., and Liu, B. (2018). Revealing the semantic association between perception of scenes and significant objects by representational similarity analysis. Neuroscience 372, 87–96. doi: 10.1016/j.neuroscience.2017.12.043

 Wolbers, T., Zahorik, P., and Giudice, N. A. (2011). Decoding the direction of auditory motion in blind humans. NeuroImage 56, 681–687. doi: 10.1016/j.neuroimage.2010.04.266

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2020 Gu, Liu, Yan, Miao and Wei. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/fnbot-14-597471-g005.gif
s e P
s 2 =5
LI L]
s s Sovew o

8 H
5 B
ssve s T Cweres

PPA






OPS/images/fnbot-14-597471-t001.jpg
Functional ROIs

Left LO
Right LO
Left pF
Right pF
Left PPA
Right PPA
Left RSC
Right RSC
Left OPA
Right OPA
Left EVC
Right EVC

-15

MNI coordinates

4

Peak intensity

15.02
12.44
10.58
12.55
5.64
4.69
4.87
6.05
2.02
3.36
8.45
11.85





OPS/images/fnbot-14-597471-g003.gif
IEEEEER

IEEEEER
ey

Exoemasy

oPA

IEEEEERS
bhsenany

RSC

IEEEEER
hsemany

PPA

IEEEEERS
PRy





OPS/images/fnbot-14-597471-g004.gif
- -

X IEEEEE
(i [
le m

i Z H
FTEaEe  §iwaec
onmy e

-

I EEEER
PRy

oPA

RSC





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Investigating the Impact of the Missing Significant Objects in Scene Recognition Using Multivariate Pattern Analysis



		Introduction



		Materials and Methods



		fMRI Data



		ROI Selection



		Multivariate Pattern Analysis



		Univariate Analysis







		Results



		Classification Analysis by MVPA



		Scene Classification in Different Mask Condition



		Cross-Classification Between Different Conditions









		Signal Changes in the Univariate Analysis







		Discussion



		Conclusions



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		References

















OPS/images/cover.jpg
’ frontiers .
in Neurorobotics

Investigating the Impact of the
Missing Significant Objects in Scene
Recognition Using Multivariate
Pattern Analysis





OPS/images/fnbot-14-597471-g001.gif
A

e 328 8s 325
e [ - [N

8 tals in ablock

faton  stmuli - mas
o) o) (350m) Gaoome)






OPS/images/fnbot-14-597471-g002.gif









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
’ frontiers
in Neurorobotics





