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Featured Application: Using Neuroscope to evaluate CNNs for semantic segmentation of traffic
scenes for autonomous driving.

Abstract: Trust in artificial intelligence (AI) predictions is a crucial point for a widespread acceptance
of new technologies, especially in sensitive areas like autonomous driving. The need for tools
explaining AI for deep learning of images is thus eminent. Our proposed toolbox Neuroscope
addresses this demand by offering state-of-the-art visualization algorithms for image classification
and newly adapted methods for semantic segmentation of convolutional neural nets (CNNs). With
its easy to use graphical user interface (GUI), it provides visualization on all layers of a CNN. Due to
its open model-view-controller architecture, networks generated and trained with Keras and PyTorch
are processable, with an interface allowing extension to additional frameworks. We demonstrate the
explanation abilities provided by Neuroscope using the example of traffic scene analysis.
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1. Introduction

Over the last few years, the capabilities of artificial intelligence (AI) have dramatically
increased, while modern techniques like deep neural nets have grown ever more complex
and become as inscrutable as a black box. This raises the question of how trustworthy
AI predictions are—which is essential in gaining widespread acceptance in society and
industry. As a result, tools that answer this question and thus allow for explainable AI
(XAI) are in very high demand.

In this paper, we focus on two applications of AI: image classification and semantic
segmentation. The classification of images predicts either a single or multiple categories to
which the image content belongs to, but without spatial information. Semantic segmen-
tation on the other hand, divides the image into different regions belonging to different
categories. With classification one can predict that an image contains a specific object like
for example a car, while semantic segmentation also provides the actual pixels where the
car is predicted to be in the image [1].

Over the past decade, convolutional neural networks (CNNs) became the state of the
art for image understanding tasks like image classification, object recognition, or semantic
segmentation. However, end-to-end learning strategies, i.e., only considering the inputs
and outputs, make CNNs black boxes due to their complex network architecture and
non-linear nature. In many cases, understanding why the model predicts a given outcome
is a crucial detail for model users and a necessary diagnostic to ensure the model makes
decisions based on the correct information contained in the input. With growing usage of
neural networks in various areas, consequently, there is a need to explain and understand
their decisions. In the case of medical diagnosis or autonomous driving in particular, it is
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crucial to elucidate how a particular decision was arrived at. When an incomprehensible
prediction is proposed which the user cannot understand, trust in the model declines.

To achieve state-of-the art performance, deep network architectures [2,3] are widely
used, however these highly non-linear systems are difficult to understand. While the
weights of the first layer of a convolutional neural network can readily be understood as
convolution kernels, the weights of consecutive layers are difficult to interpret. To facilitate
interpretation, various methods have been developed, including feature visualization [4–6]
and attribution [7]. Common to these techniques is that rather than interpreting the weights
directly, an input image is propagated through the network, and the resulting activations
are projected back to the image plane.

While all of these methods were originally intended for classification networks, this
paper proposes adaptions to semantic segmentation as well. They are included in our
toolbox Neuroscope, thereby offering state-of-the-art visualization algorithms for both
image classification and semantic segmentation with CNNs. We demonstrate that by
utilizing visualization methods, understanding of the network architecture and its internal
functionality can be improved, thus increasing user trust in the results.

2. Materials and Methods

We first present the state-of-the-art visualization methods for neural networks regard-
ing image classification. The next section deals with the principles of semantic segmenta-
tion, while the last section gives an overview on open source and commercially available
tools for XAI with a focus on both image classification and semantic segmentation.

2.1. Explainable Artificial Intelligence (AI) Methods for Convolutional Neural Networks

Visualization methods in CNNs can be categorized into two groups: global and local
visualizations. Kernel weights and features can be grouped as global visualizations. They
are not related to a specific input and explain the desired network as a general case. On the
other hand, attributions are local visualizations which are generated using selected input
images. Neural network interpretability is a still nascent field of research so it does not
yet have standardized terminology. Different publications used different denominations
to address attributions, e.g., “feature visualization”, “saliency maps”, or “heat map”, but
recently the term “attribution” is becoming more widely used. Two main categories used
to generate attributions are “activation maps” and “gradients”.

Attributions are methods and algorithms which identify important features of inputs
for a network decision [6]. These methods try to highlight important features (pixels) for
the network in the input. There are two types of method to generate such a visualization:
gradient-based [8] and occlusion-based methods [4,9]. Occlusion methods perturb sin-
gle pixels, random pixels, or super-pixels in the output images by replacing them with
black, gray, or blur masks. The impact of this perturbation on the input is a measure
of the corresponding pixels’ importance for the prediction. However, in this paper we
focus on gradient-based methods. A widely used family of gradient-based visualizations
encompasses class activation mapping (CAM) [10] and its enhancements Grad-CAM [11],
Guided Grad-CAM [11], and Grad-CAM++ [12]. Other algorithms employ class activation
maps [13,14], saliency maps [15,16], or guided back-propagation [5]. Those methods, as
they are adapted and integrated into Neuroscope (Supplementary Materials) are explained
in greater detail in chapter 2.

2.2. Semantic Segmentation Using Deep Learning

Semantic segmentation is the process of linking each pixel in an image to a class label.
Applications of semantic segmentation include autonomous driving, robotics, medical
research, space imaging, etc. Various methods have been proposed to perform this task,
with the most common methods recently shifting to deep learning algorithms. Long et al. [3]
proposed a fully convolutional network (FCN), trained end-to-end for image segmentation
tasks. It is a conventional classification neural network in which all fully connected layers
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are replaced by convolutional layers. An additional advantage of replacing fully connected
layers is that the modified network is not limited to fixed-size input dimensions and thus
can be applied to input images of any size. Because high-level activation maps are small in
size, the final maps cannot represent an object’s details very well. Instead, a remedy in form
of an up-sampling layer is used to generate a final map with the same size as the input.
DeconvNet is a novel semantic segmentation algorithm presented by Noh et al. [17], which
is composed of two separate parts: encoder and decoder. The encoder is a convolutional
network with a VGG16 architecture generating a vector of features, while the decoder is a
deconvolutional network taking the vector of features as input and generating a probability
map of each pixel. The deconvolution network expands the dimensions of feature maps
while keeping the class information-dense, whereas the unpooling layers preserve the
information’s location in the feature maps. Ronneberger et al. [2] suggested an extended
version of FCN for biological microscopy applications called U-Net. Similar to DeconvNet,
U-Net is composed of encoding and decoding parts. During the encoding process the
number of features increases while the dimensionality decreases. Conversely, the decoding
part increases dimensionality and decreases the number of features. To keep the pattern
information, U-Net includes “skip connections” after each block, copying feature maps
from the encoder to the decoder part. DeepLabv1, proposed by [18], uses the concept
of atrous convolution to explicitly control the resolution of feature maps within deep
convolutional neural networks. DeepLabv3 [19] is a newer variant of the first network
using spatial pyramid pooling to segment objects at multiple scales with filters at multiple
sampling rates and effective field-of-views. Atrous convolution captures multiple scales of
an input image. Without the max-pooling layer, the resolution of the final output does not
decrease, but the number of weights remains the same. Atrous Spatial Pyramid Pooling
(ASPP) is a set of several atrous convolutions with different rates that are applied to the
same input. It processes feature maps into separate branches and then concatenates them.

2.3. State-of-the-Art Visualization Tools for Convolutional Neural Networks

A plethora of state-of-the-art visualization tools for convolutional neural networks
exists, both academic and commercial. Some are general purpose applications for all
types of data, others are focused solely on image data. Most of the available tools are
limited to networks generated with a certain framework like TensorFlow [20] or require a
proprietary platform like Facebook to use. As an add-on for TensorFlow, Tensorboard [21] is
an obvious candidate. It provides visualization for machine learning experimentation but
focuses on metrics such as loss and accuracy, showing the model graph and histograms of
weights, biases, and their evolution over model training time. Users have to incorporate
the TensorBoard commands in the TensorFlow code of the actual model training. Although
it has a multitude of options, there is no dedicated module for image classification or
semantic segmentation visualization. Therefore, an analysis of given models is not possible,
making TensorBoard no stand-alone solution. The intention of Tensorflow Playground [22]
is to illustrate the general workings to beginners by interactively visualizing the weights
and flow of a small neural network. TensorFlow Graph Visualizer, a TensorFlow component
tool visualizing deep learning model architectures and their underlying dataflow graphs,
is examined by [23]. It uses graph transformations and decoupling of non-critical nodes on
a low-level directed dataflow graph to produce an interactive high-level structure diagram
for model explanation. The tool was used on the Inception network for image classification
to demonstrate its performance. Although it simplifies the interpretability of deep learning
models, it has no visual components for an explicit explanation of image classification and
semantic segmentation models. ShapeShop, a rather basic tool for general model under-
standing of both multi-layer perceptrons and convolutional neural networks, is presented
by [24]. Only simple basic shapes are implemented and no maps are returned, though,
limiting its explanation capability. In a more recent publication [25], the same authors pro-
pose an interactive system called SUMMIT, that summarizes and visualizes which features
a deep learning model has learned and how those features interact to make predictions.
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They propose activation aggregation to identify important neurons and neuron-influence
aggregations to analyze the relationships among these neurons. These two techniques
are combined to synthesize a novel attribution graph revealing and summarizing cru-
cial neuron associations as well as substructures contributing to a model’s predictions.
However, they focus on classification and include no visualization options for semantic
segmentation. A tool for beginners and students proposed by [26] is CNN EXPLAINER,
which focuses on explaining the mathematics behind CNNs with visual depictions. No
semantic segmentation is integrated. NeuralDivergence is an interactive visualization system
developed by [27] which uses activation distributions as a high-level summary of what
a model has learned. It enables users to interactively summarize and compare activation
distributions across layers and classes, helping them gain a better understanding of neural
network models—yet there are no maps, only graphs of activation distributions. Another
tool is ActiVis [28], an interactive visualization system for interpreting large-scale deep
learning models and results. By tightly integrating multiple coordinated views, such as a
computation graph overview of the model architecture as well as a neuron activation view
for pattern discovery and comparison, users can explore complex deep neural network
models at both the instance- and subset-level. ActiVis has been deployed on Facebook’s
machine learning platform.

2.4. Adaption of Image Classification Explanation Algorithms to Semantic Segmentation

The state-of-the-art methods presented in chapter two were originally developed for
classification tasks only. As such, most of them are integrated in Neuroscope. [29] and [30]
present approaches to adapt some of these XAI algorithms from image classification to
semantic segmentation. The results from [29] were implemented in Neuroscope and the
necessary adaptions are explained in the following for each method.

2.5. Activation Maps

The intermediate outputs of network layers during the forward pass for a specific
input are called activation maps. They are computed by applying filters on inputs of the
corresponding layer. Activations usually start with relatively dense maps at the first layers
and get more localized for deeper layers. Correspondingly, activation maps of lower layers
tend to show more basic patterns, while those derived from deeper layers are smaller
and may localize semantically meaningful regions of the input objects. Activation maps
illustrate the network behavior for the selected input, however one layer may contain more
than a thousand filters and the same number of activation maps. Thus, understanding
network decisions by studying all activation maps of a single input is not a feasible
endeavor. Activation maps are also not easily interpreted. Different methods [13,14] have
been proposed to find a meaningful interpretation of activation maps.

In CNNs, outputs of a layer become inputs for the next layers. Finding the strongest
activation map (and corresponding filter) for a selected layer and desired class does not
mean that the subsequent layers will only use the most powerful result to decide. A
network can amplify some other important intermediate results by applying weights to
the next layers. Furthermore, some activations with higher values may be reduced by
subsequent filters of the next layers. To find out which filters in a selected layer are more
important for a specific class in the final layer, weights are be applied to them. Gradients
are one of the existing solutions to computing these weights for the desired activation
maps. Because functions of neural networks are differentiable, it is possible to compute the
desired class’ gradient with respect to the selected layer. The result is a measure for the
sensitivity of the desired class to each activation map, with higher values corresponding to
more relevance. For segmentation networks it is possible to find more important activation
maps (with respect to a specific class) by exploiting localization information from the
final layer.
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2.6. Class Saliency

Image-specific class saliency is a concept first introduced by [15]. It allows to deter-
mine important pixels (features) in the input image by generating saliency maps showing
the impact of a pixel on the final score. Pixels with high magnitude can be interpreted
as the target object’s location in the input image. Class saliency for a given input image
and class is generated using the derivative of the score map, which is in turn computed
using a single back-propagation pass. In segmentation networks, the output score cor-
responding to the class is a 2D array and not a 1D array as is the case for classification
networks. To generate the saliency map, gradients of this map are computed with respect
to the input image. Figure 1 illustrates the process of computing a gradient saliency map
for a semantic segmentation network. The method offers the advantage that all of the
conventional machine learning frameworks like PyTorch or Keras support gradients and
back-propagation. This enables direct application of the method to a model without having
to change the architecture. A study was conducted by [31] for classification models using
a model parameter randomization as well as a data randomization test and it found the
method faithful to the addressed model. Since the characteristics for segmentation are
also derived from the gradients, it is assumed the general results of the study are valid for
segmentation models, too.
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map (class ‘car’) with respect to the input image. Brighter pixels indicate partial derivatives with higher absolute values.

2.7. Guided Back-Propagation

Relying on gradients can be problematic. CNNs are highly non-linear networks
and some important features may have a large contribution globally but small effects
on local scales. One approach to this is changing the network in such a way that only
positive contributions pass during back-propagations, with all negative values being
eliminated. One such strategy is guided back-propagation [5], which modifies the gradients
of the rectified linear unit (ReLU) functions by discarding all negative values during the
back-propagation calculation, thereby avoiding the problem. To adapt the guided back-
propagation method to semantic segmentation, the back-propagation behavior of the model
has to be modified. Given an input image, a forward pass to the last layer is performed,
then all activations except one are set to zero and the gradient of the output map with
respect to the input image computed. Figure 2 illustrates the computation of guided
back-propagation in a sample segmentation network. As expected, the new map is much
sharper and more detailed than the saliency map. Although guided back-propagation
maps are easier to interpret, they are neither completely faithful to the model nor truly
class distinctive [31]. An example is presented in Section 3.2.
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2.8. Grad-CAM

The Grad-CAM [11] method is an improvement of CAM [10] and designed to address
the shortcomings of CAM’s issues. It is possible to apply Grad-CAM to any convolutional
neural network without any architectural modification where the networks’ final result map
is differentiable with respect to its activation maps. As the output of a typical segmentation
network is a 2D array, it is possible to use Grad-CAM to visualize features in the desired
layer of a network. The method is highly class-distinctive and localizes different objects in a
single input image. It produces regions with inherent smoothing and mapping from a lower
resolution convolutional layer to the input layer produces maps that often correspond to
intuition, since it is easier for humans to understand regions instead of discrete pixels [7].
The adapted method for semantic segmentation is shown in Figure 3. The selected layer
to extract the Grad-CAM from is an additional hyper-parameter. In networks with an
encoder-decoder architecture, selecting one of the last layers from the encoder network
generates smoother maps. In an encoder-decoder architecture, dimensions of the middle
layers’ feature maps (from the encoder network) are smallest among the network features.
Upscaling (with interpolation) these small maps to match the input map generates smoother
maps compared to the layers with larger dimensions, because much more upscaling is
required. On the other hand, by selecting layers in the decoder part, the final map shows
more detail and may highlight separated regions. This is because the generated map is
computed using feature maps of the selected layer as well as the gradients of the output
class with respect to the selected layer. Thus changing the layer generates different maps
which are dependent on the selected layer. Maps generated with Grad-CAM can be
considered as intermediate results for a segmentation network. Although this method
is model-specific for CNNs and therefore not applicable to every network, it can help in
understanding their internal functionality.
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Figure 3. Grad-CAM method for a segmentation network.

2.9. Guided Grad-CAM

Grad-CAM visualizations are class-discriminative and localize important regions
in input images, but unlike gradient visualization methods they do not provide highly
detailed pixel-space maps. Using pointwise multiplication combines the advantages of
both guided back-propagation and Grad-CAM visualizations. The resulting guided Grad-
CAM visualization is class-distinctive and of high resolution. The adaptation to semantic
segmentation is shown in Figure 4. The process is similar to the original method [11], which
aims to explain the decisions of classification networks. Based on guided Grad-CAM’s
class-distinctness and high-resolution maps, it seems to be a superior visualization method.
However, this assumption is only true if only interpretability, but not faithfulness is taken
into account as well. Faithfulness is the ability to accurately explain the internal process of
the model. Intuitively, there is a tradeoff between the interpretability and faithfulness: a
more faithful visualization is typically less interpretable and vice versa [11]. The problem
of measuring faithfulness and interpretability is that there is no actual ground truth for
comparison. It is stated by [31] that Guided Grad-CAM is not faithful to a trained network
and the results would be visually similar if the guided back-propagation map were replaced
by an edge detection algorithm in the guided Grad-CAM method. It is a widely used
visualization method nonetheless and can contribute to the understanding of a model.

Appl. Sci. 2021, 11, x FOR PEER REVIEW  7  of  17 
 

therefore not  applicable  to  every network,  it  can help  in understanding  their  internal 

functionality. 

 

Figure 3. Grad‐CAM method for a segmentation network. 

2.9. Guided Grad‐CAM 

Grad‐CAM visualizations are class‐discriminative and localize important regions in 

input images, but unlike gradient visualization methods they do not provide highly de‐

tailed pixel‐space maps. Using pointwise multiplication combines the advantages of both 

guided  back‐propagation  and  Grad‐CAM  visualizations.  The  resulting  guided 

Grad‐CAM visualization  is  class‐distinctive  and of high  resolution. The  adaptation  to 

semantic segmentation is shown in Figure 4. The process is similar to the original method 

[11], which  aims  to  explain  the decisions  of  classification  networks. Based  on  guided 

Grad‐CAM’s class‐distinctness and high‐resolution maps, it seems to be a superior visu‐

alization method. However, this assumption is only true if only interpretability, but not 

faithfulness is taken into account as well. Faithfulness is the ability to accurately explain 

the internal process of the model. Intuitively, there is a tradeoff between the interpreta‐

bility and faithfulness: a more faithful visualization is typically less interpretable and vice 

versa [11]. The problem of measuring faithfulness and interpretability is that there is no 

actual ground  truth  for comparison.  It  is  stated by  [31]  that Guided Grad‐CAM  is not 

faithful  to  a  trained  network  and  the  results would  be  visually  similar  if  the  guided 

back‐propagation map were  replaced  by  an  edge  detection  algorithm  in  the  guided 

Grad‐CAM method. It  is a widely used visualization method nonetheless and can con‐

tribute to the understanding of a model. 

 

Figure 4. Guided Grad‐CAM for semantic segmentation. 

2.10. Segmentation Score Maps 

Segmentation score maps are a widely used means of evaluating a model’s perfor‐

mance. For segmentation networks, different measurements, like intersection over union 

(IoU) or pixel accuracy, exist. However, here we are interested in highlighting important 

pixels which contribute more to final predictions. A segmentation network generates a 

2D score map for each class at the output layer as the result of the training process. The 

Figure 4. Guided Grad-CAM for semantic segmentation.

2.10. Segmentation Score Maps

Segmentation score maps are a widely used means of evaluating a model’s perfor-
mance. For segmentation networks, different measurements, like intersection over union
(IoU) or pixel accuracy, exist. However, here we are interested in highlighting important
pixels which contribute more to final predictions. A segmentation network generates a 2D
score map for each class at the output layer as the result of the training process. The most
commonly used loss function for this training is pixel-wise cross entropy loss and the target
is the segmentation ground truth. Thus the ideal case is when these score maps are equal
to the ground truth maps. It should be pointed out that there is an important difference
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between saliency and score maps. Saliency maps only take the pixels belonging to the
chosen class into account, while score maps also consider pixels in the vicinity of the actual
object pixels and the general context. True, it can be dependent on the architecture and use
case: one example is context-aware architecture, but it also might occur in a biased model.
Generally, not all features used in a network’s decision-making process are presented in the
final layer because some of them might be removed. On the other hand, the network can
be sensitive (for a class) to some features of the input image, but a different class wins the
final pixel. In that case those passed over features might be interesting and worth studying.

2.11. Segmented Score Mapping

Score maps of the very last layer in a segmentation network can be interpreted as
attributions of the model. They are information-rich and mappable to the input image.
When compared to the final segmented map, score maps contain more information, but this
information is not mapped to the segmented regions. One strategy is to merge information
from different maps, for example score maps and segmentation maps. An example is
segmented score mapping (SSM) based on the XRAI algorithm, introduced by [32]. XRAI
identifies regions which are relevant to the predicted class by operating on the output of
the integrated gradient. It targets semantic segmentation networks and uses score maps
for attribution. To implement SSM, the so-called Felzenszwalb method is utilized [33]. It
is governed by a set of hyper-parameters whose selection may affect the segmentation
result. Performing the algorithm multiple times using different parameters is equivalent to
over-segmenting. The final output result is a set of overlapping segmented regions. The
SSM can be implemented in the following manner. First, the sum of attribution values
for each area is computed to find the important regions. Subsequently the area with the
maximum average value is added to an initially empty mask. The convergence criterion is
reached when the mask size is equal to the input image.

2.12. Guided Segmented Score Mapping

A drawback of segmented score mapping is its independence upon the desired class.
In order to remedy this, SSM can be augmented by additionally incorporating the final
segmentation maps of all classes, resulting in the guided segmentation mapping (GSSM)
method. The provided segmentation maps are over-segmented using an independent
algorithm, Felzenszwalb for example, and all generated maps from the network output.

2.13. Similarity Mapping

A “similarity map” (SM) is a simplified version of a segmented score map (SSM) (see
Section 3.2). It generates a visual representation for the similarity between classes in a semantic
segmentation network by comparing a class attribution to output segmentation maps.

2.14. Fusion Score Mapping

Score maps are a result of the prediction process in a segmentation network. They are
highly class-distinctive and provide scores for each pixel in each class. It is possible to examine
them one by one—each time for a different class—which can be tedious for large numbers
of classes, though. Combining all maps into a fusion score map can alleviate this problem
by providing the combined information at a glance. A general approach to check outputs
of segmentation networks is finding the maximum value for each pixel and then replacing
it with the corresponding class, which is equivalent to the argmax function. The desired
fusion score map can thus be generated by applying the max function without replacing
corresponding classes. For a perfect segmentation model, the resulting fusion score map
would be uniformly 1 for all pixels. In practice, however, model predictions are not without
errors and thus different classes can be identified in the resulting map. Figuratively speaking,
the fusion score map can be seen as a visualization of prediction probability.
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2.15. Integration into Neuroscope

The graphical user interface of Neuroscope follows the model-view-controller (MVC)
architecture design pattern [34], separating presentation and interaction from the system
data, so that the system structure is divided into the three logical components model, view,
and controller which interact with each other. Figure 5 shows the structure of Neuroscope
in detail [35]. The classes in yellow in the diagram belong to the view component, including
several windows and an event bus to bind the action in the window to the functionality
implemented in the controller component. It is shown in green and is composed of
two parts: strategy pattern and mediator pattern [34]. The strategy pattern includes
the visualization algorithms presented in the previous chapter as well as several other
algorithms. The mediator pattern contains the deep learning framework interfaces. The
models themselves are handled by the model component rendered in blue.
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3. Results

Section 3 explains the structure of Neuroscope and presents our adapted visualization
methods for semantic segmentation. We demonstrate the functionality of Neuroscope
using traffic images relevant to autonomous driving from the nuScenes data set [36]. It
contains typical street situations with cars, pedestrians, and bicyclists from German, Swiss,
and French cities.

3.1. Neuroscope Components

The Neuroscope graphical user interface (GUI) is composed of four main components:
architecture view, model options, image list, and inspection windows, as shown in Figure 6.

3.1.1. Architecture View

A fundamental part of the Neuroscope GUI is the architecture window. It displays all
layers of the chosen neural network and distinguishes between different layer types using
both color coding and different shapes. This view allows layers of interest to be chosen
for subsequent inspection. Following the layers from input to output in conjunction with
suitable inspection views illustrates the development of a model’s internal behavior and
thus helps the predictions to be better understood.
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3.1.2. Model Options

Neural networks have many parameters required for an analysis of their behavior. The
model options component queries the user to supply the relevant information about the
model to be inspected. Parameters like input and output image dimensions and formats,
preprocessing options, decoding files, and whether the model is intended for classification
or segmentation, are set within this component.

3.1.3. Image List

The image list displays all images loaded for analysis by the user. For each of them,
there may also be uploaded a corresponding ground truth image. This allows confusion
matrices to be computed and the prediction to be evaluated according to a given metric,
which can be chosen in the inspection window.

3.1.4. Inspection Window

The heart of Neuroscope is the inspection window. A selected image from the image
list can be analyzed using a variety of visualization methods depending on the type of
model—classification (C) or segmentation (S): input image (C,S), activation maps (C,S),
saliency map (C,S), guided back-propagation (C,S), Grad-CAM (C,S), Guided Grad-CAM
(C,S), Grad-CAM++ (C), score map (C,S), segmented score map SSM (S), guided segmented
score map GSSM (S), similarity map (S), fusion score map FSM (S), confusion matrix (S, in
conjunction with provided ground truth).

3.2. Application of Neuroscope to Real World Data

In this paper the focus is on presenting the novel semantic segmentation visualization
capabilities of Neuroscope. The corresponding classification variants are implemented
according to the state-of-the-art as detailed in the respective papers listed in Section 2,
hence not demonstrated here explicitly.

As a state-of-the-art model for classification we employ VGG16 [37], while the seman-
tic segmentation methods are illustrated using U-Net [2].
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3.2.1. Comparing Different Visualization Methods

In Figure 7 different gradient-based visualization methods are compared for the class
‘bicyclist’. The saliency map (a) as the most basic algorithm shows a diffuse activation
in the general vicinity of the bicyclist in the image but without sharp borders. Applying
guided back-propagation (b) to the input image delivers a visually preferable result. The
outlines of the bicyclist are clearly recognizable, as well as part of the pedestrian crossing’s
stripes. The result of the Grad-CAM method (c) also highlights the bicyclist, but only the
right-side part of the torso while ignoring the rest as well as the head. This is a consequence
of the unpooling process during the decoding step of the U-Net–VGG16 network used
for prediction. Compared to the previous two methods, a strong activation can also be
observed in the lower middle of the image, where there is clearly no bicyclist located,
but only a uniform patch of road. The same problem can be seen when using Guided
Grad-CAM instead (d). Although the saliency map and guided back-propagation show the
network is focusing on the correct part of the image, the result of the (Guided) Grad-CAM
methods clearly indicates that there is an issue somewhere in the network, which should
be addressed to further improve the prediction.

Appl. Sci. 2021, 11, x FOR PEER REVIEW  11  of  17 
 

In this paper the focus is on presenting the novel semantic segmentation visualiza‐

tion  capabilities  of Neuroscope.  The  corresponding  classification  variants  are  imple‐

mented according to the state‐of‐the‐art as detailed in the respective papers listed in Sec‐

tion 2, hence not demonstrated here explicitly. 

As a state‐of‐the‐art model  for classification we employ VGG16  [37], while  the se‐

mantic segmentation methods are illustrated using U‐Net [2]. 

3.2.1. Comparing Different Visualization Methods 

In  Figure  7 different  gradient‐based  visualization methods  are  compared  for  the 

class ‘bicyclist’. The saliency map (a) as the most basic algorithm shows a diffuse activa‐

tion in the general vicinity of the bicyclist in the image but without sharp borders. Ap‐

plying guided back‐propagation (b) to the input image delivers a visually preferable re‐

sult. The outlines of the bicyclist are clearly recognizable, as well as part of the pedestrian 

crossing’s stripes. The result of  the Grad‐CAM method  (c) also highlights  the bicyclist, 

but only the right‐side part of the torso while ignoring the rest as well as the head. This is 

a consequence of the unpooling process during the decoding step of the U‐Net–VGG16 

network used for prediction. Compared to the previous two methods, a strong activation 

can also be observed in the lower middle of the image, where there is clearly no bicyclist 

located, but only a uniform patch of road. The same problem can be seen when using 

Guided Grad‐CAM instead (d). Although the saliency map and guided back‐propagation 

show the network is focusing on the correct part of the image, the result of the (Guided) 

Grad‐CAM methods clearly  indicates that there  is an  issue somewhere  in the network, 

which should be addressed to further improve the prediction. 

 

(a)                                                                                            (b) 

 

(c)                                                                                            (d) 

Figure 7. Different visualization methods for class ‘bicyclist’: (a) saliency map, (b) guided back-propagation, (c) Grad-CAM,
(d) Guided Grad-CAM.3.2.2. Grad-CAM for Different Model Layers

Figure 8 illustrates the behavior of a segmentation network when following the layers
from input to output image. The Grad-CAM visualization for the class ‘car’ in an early
layer (b) shows no distinct activation areas, the network at this stage is not predicting
anything yet. The middle layer (c) on the other hand displays activity in the center of
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the image around the two cars, but includes both pedestrians as well. Inspecting the
results of the final layer (d), the model has focused on both cars and excluded the left
pedestrian while keeping the right one, compared to the middle layer. This visualization
of a network’s evolution on different layers helps to understand how it arrives at its
predictions. A conclusion drawn from the analysis with Neuroscope is that these two
classes have shared features in this model. Thus adding more training images with cars
and pedestrians, to increase the model’s distinction ability between these two classes could
be a possible solution.
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3.2.2. Guided Grad-CAM for Different Model Layers

The visualization of the class pole with Guided Grad-CAM for various layers of a
segmentation model is shown in Figure 9. Again, an evolution of the intermediate results
can be seen by progressing from early through middle to final layers. In image (a) the
network is not yet able to detect poles and shows a diffuse activation behavior. The middle
layer (b) on the other hand focuses on a small patch of the tram and the bicyclist, both not
pole-like structures. The final layer (c), however, exhibits several pole-like objects at first
glance. Switching to a heat map view of the predicted segmentation (d), it can be seen
that some of the poles predicted by the model are not poles at all, but part of the tram’s
structure. Some poles in the middle and the right area of the image are correctly detected,
but the right-hand side pole with the traffic lights is not recognized. The prediction thus
contains both false negatives and false positives. The visualization with Neuroscope helps
to detect the fact that the model starts heading in the wrong direction in the middle layer
(b), where it focuses almost exclusively on the tram. Tweaking the layer topology in this
part could remedy the problem.

3.2.3. Score Maps for Semantic Segmentation

In Figure 10 the results of applying different segmentation score mappings on a traffic
scene image for the class ‘car’ is shown. The fusion map (b) illustrates the scores of all
classes simultaneously. The cars in the foreground of the image are highlighted in yellow
while the smaller ones parking further along the street are rendered in dark blue, signaling
their lower prediction probability. The pedestrian at the center of the image is shown in the
same color and is thus also not reliably detected by the network. Compared to the basic
segmentation score mapping (c) the guided version (d) shows finer details. Especially in
the upper right corner of the image and to the left in the region of the parking cars. Note
that the front wheel of the second car from the left is clearly recognizable in the SSM but
not visible as a separate object in the GSSM visualization. Although the latter supplies a
more detailed map, the former is more helpful in understanding the segmentation model.
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4. Discussion

The field of explainable artificial intelligence is an evolving and highly debated one.
Even the definition of ‘explanation’ in this context alone is not without controversy; for
a comprehensive attempt to clarify the terminology refer to [38]. A general concern
that has been raised in the scientific community is the question of whether post hoc
methods are capable of really explaining black box-style deep neural networks or whether
this approach is ultimately a dead end and research should be focused on inherently
interpretable model designs. A comprehensive plea for this position is given in [39].
Especially for critical high stakes applications—like healthcare or recidivism prediction in
the legal system—a fundamental understanding of the models may literally be a matter of
life and death. A proposed solution is to design the models in such a way that they are
inherently interpretable by humans and not only explainable in hindsight [40].

However, the vast majority of state-of-the-art models do not adhere to this design
concept. At the moment it is much faster and cheaper for companies to implement deep
neural networks using publicly available frameworks, like Tensorflow and out-of-the-box
models like VGG16 or U-Net [2], rather than building interpretable models. Insight into the
behavior of these already trained models may only be gained through post hoc methods
like those provided by Neuroscope. The demand for such tools is obvious. Special care
has to be taken in their application though. It must be kept in mind that it is difficult
to distinguish errors of the model from errors of the attribution method explaining the
model [7]. Thus, visualization-based evaluation tends to be qualitative in nature and
partially biased by the humans performing it [41], caused by their preference for methods
producing explanations matching their expectations over unexpected results. [31] has
demonstrated that the widely used visualization method Guided Grad-CAM [11] delivers
the same visual explanations when substituting the back-propagation step with an edge
detection, so its explanations may not necessarily describe how the network really works.
Therefore, it is critical to validate a preliminary explanation by additionally using different
visualization methods and comparing the results to arrive at a conclusive explanation of
the models’ behavior.

5. Conclusions

Neuroscope implements a wide range of visualization methods helping to understand
how a neural network reaches its predictions. Exemplary application to real world traffic
scenes from the nuScenes [36] data set shows that there is not one single visual explanation
method which works best for all models and all input images. Different methods can be
helpful in different situations, depending on their inherent advantages and disadvantages.
For a meaningful and reliable explanation, multiple methods should be applied to the same
data and their respective results fused into one comprehensive explanation. Neuroscope
supports this task by allowing the analysis of a deep neural network step by step through
all individual layers of its architecture.

Supplementary Materials: Neuroscope is available online at https://github.com/c3di/neuroscope
(accessed on 3 March 2021), the nuScape data set can be downloaded at www.nuscenes.org (accessed
on 3 March 2021).
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