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The umbrella term eXplainable Machine Learning or explainable AI can be used for many different tech-
niques [2] for feedforward neural networks [6]. Neither methods which consider networks as black-boxes[3] nor
Gradient-based [5] methods provide fine-grained pixel analysis in the decision-making process.They only pro-
duce relevant regions with saliency maps or heatmaps. Layer-Wise Relevance Propagation methods (LRP) [1]
purpose is to provide contributions of any neural network’s output in the domain of its input using intermediate
data from the network during the prediction. Thus, we can evaluate the relevance of each pixel of an image.
The drawbacks of current methods are division by small values, adaptation of the formula with respect to the
structure of the neural network and the use of hyper-parameters. In this vein, we propose a new methodology
called R-LRP where ”R” stands for relative. We will show some results on image classification. This allows us
to visualize the contributions of a pixel to the predictions of a multi-layer neural network. Pixel contributions
provide a focus to further analysis on regions of potential interest. R-LRP can be applied for any dense, CNN
or residual neural networks. Moreover, R-LRP doesn’t need any hyperparameters to tune contrary to other
LRP methods. We then compare the R-LRP method on different datasets with simple CNN, VGG16, VGG19,
Resnet50 and U-Net networks.

R-LRP source code is available at https://gitlab.ensam.eu/NYIRI/r-lrp
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