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Abstract—Explainable computer vision aims to understand
how and why complex vision systems make decisions. However,
existing explainability methods often highlight relevant image
regions without providing semantically meaningful explanations
for human users. In this work, we analyze the behavior of
a pedestrian detector under semantically meaningful image
perturbations. To overcome the interpretability limitations of
existing explainability approaches, pedestrian occlusions are de-
fined according to anatomical proportions derived from Leonardo
da Vinci’s golden ratio, enabling a human-understandable de-
composition of body regions. In addition, a grid-based visu-
alization of the input and latent representations is employed
to provide a structured global view of the detector behavior.
Experimental results show that although the detector attention
is strongly concentrated on the leg region, the largest perfor-
mance degradation occurs when the upper body is occluded,
with the Average Precision decreasing from 86.51% for full-
body pedestrians to 35.25% under upper-body occlusion. These
results suggest that pedestrian detectors rely on complementary
semantic body cues beyond the most visually salient regions. The
proposed framework provides complementary local and global
explainability insights into pedestrian detection models. The code,
visualizations, and experimental results are made publicly avail-
able at: https://github.com/eurecom-fscv/ExXFMA_Semantically_
Grounded_Explainability_for_Pedestrian_Detection

I. INTRODUCTION

Trust is a key and central issue in computer vision (CV).
The degree of trust on CV solutions is still an open challenge
in the state-of-the-art and several examples have shown that
CV systems exhibit various weaknesses and biases [15]], [20].
This is in particular true for pedestrian detection (PD) based
on machine learning [13]], whose performance largely depends
on training datasets and the exact approach used in training, to
mention two among several problems that have been identified.

To address these limitations and improve the reliability of
CV systems, it is essential to better understand how and why
such models make their decisions. This challenge has led to
the emergence of the field of Explainable Artificial Intelligence
(XAD [2], [11]], which aims to provide interpretable represen-
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Fig. 1: Leonardo da Vinci’s Vitruvian Man, illustrating classi-
cal human body proportions inspired by the golden ratio and
used in this work to define semantically meaningful anatomical
regions for explainability analysis.

tations of model behavior and to highlight the visual evidence
used during inference.

XAI methods can generally be divided into two complemen-
tary categories: local XAl and global XAl Local XAI aims
to explain individual predictions by identifying the regions
or features that contributed most to a specific decision, while
global XAI seeks to provide a broader understanding of the
overall behavior and structure learned by the model across
a dataset. In CV, most existing methods focus primarily on
local explanations [19]], [22], [28]]. Moreover, they often lack
semantic interpretability, as they primarily indicate which parts
of the image contribute to the decision without providing a
clear, human-understandable explanation of how these regions
relate to meaningful concepts or how they influence the final
prediction [8]], [27]. In this work, we propose a framework
that combines both local and global XAI for PD. Local
XAI is achieved through anatomically grounded occlusion
analysis and Ablation-CAM visualizations, while global XAI
is provided through structured grid-based visualization of the
detector representations. By grounding the perturbations in
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semantically meaningful human body regions derived from the
golden ratio, the proposed approach provides explanations that
are more interpretable from a human perspective.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work on XAI methods for CV and high-
dimensional data visualization. Section III presents the pro-
posed XAI framework, including the anatomically grounded
body partitioning inspired by the golden ratio and the global
visualization strategy. Section IV describes the experimental
protocol, the pedestrian detection pipeline, and the XAI setup
based on Ablation-CAM. Section V discusses the experimental
results and analyzes the contribution of different body regions
to pedestrian detection. Finally, Section VI concludes the paper
and outlines future research directions.

II. RELATED WORKS
A. Explainability Methods for Computer Vision

Existing approaches can be broadly categorized into several
families depending on how explanations are generated [17].

Perturbation-based methods, such as Local Interpretable
Model-agnostic Explanations [22]] (LIME) and Randomized
Input Sampling for Explanation [19] (RISE), estimate the
importance of image regions by observing the effect of
systematically masking parts of the input. These approaches
are model-agnostic and flexible. However, LIME’s superpixel-
based decomposition does not naturally align with the anatom-
ically defined regions considered in this work. Similarly, the
randomness of the masks in RISE makes it difficult to enforce
semantically meaningful structures such as body-part regions.

Backpropagation-based methods explain model predictions
by propagating information backward through the network
from the output layer toward the input image in order to
estimate the contribution of internal activations and input
pixels to the final decision. Among them, Layer-wise Rele-
vance Propagation [4] (LRP) redistributes the prediction score
backward through the network to highlight relevant regions.
These methods provide fine-grained explanations but can be
sensitive to noise and architectural choices. The resulting
explanations are often highly detailed but lack clear semantic
aggregation, which limits their interpretability at the level of
human body regions. Class Activation Maps [28], or CAMs,
modify the network architecture by replacing fully-connected
layers in the end by a Global Average Pooling layer and
concatenates the averages of the activations of convolutional
feature maps that are located before the final output layer
and create a feature vector. The weighted sum of the vector
is fed to the final softmax loss layer. Finally, the important
image regions are identified by projecting back the weight of
the output layer to the convolutional feature maps. The main
drawback of CAM is that it requires neural networks to have
a specific architecture in the final layer. This is not the case
for the Grad-CAM [23|] method, which is a generalization
of CAM that can produce visual explanations for any CNN
architecture. As a gradient-based method, Grad-CAM uses
the class-specific gradient information flowing into the final
convolutional layer of a CNN, producing a coarse localization

map of the important regions in the image. Feature Map
Explanation [3] (FEM), offer a simpler alternative by directly
leveraging feature maps. FEM is computationally efficient and
easy to implement, but may provide less precise localization
compared to gradient-based approaches.

Finally, Ablation-CAM [9]] provides an alternative that
estimates feature importance through systematic perturbation
of internal network representations. Instead of relying on
gradients, Ablation-CAM measures the contribution of each
feature map by observing the change in the model’s output
when that feature map is selectively ablated (i.e., set to zero).
The importance weights are computed based on the drop in
prediction confidence, and are then used to generate a class
activation map in a manner similar to CAM. This approach
combines the robustness of perturbation-based methods with
the efficiency of activation-based techniques, while avoiding
some of the noise and instability associated with gradient-
based explanations.

In this work, we rely on Ablation-CAM to generate the
XAI maps used in our analysis, as it provides stable and
architecture-independent attributions that are well suited to
object detection models.

B. Visualization of High Dimensional Data

It is common in the literature to visualize high dimensional
data (and especially latent space of deep learning models)
using dimensionality reduction techniques such as PCA [18]], t-
SNE [26], UMAP [14], etc. The dataset is projected from n to
2 dimensions, and then depicted using scatter plots. However,
these techniques often fail to capture the complex relationships
between data points and can lead to misleading visualizations:
2d neighborhoods are not systematically the same as high
dimensional neighborhoods, the representation does not allow
to get data density because of overlaps, screen space is not
properly used with unused pixels, etc.

Grid-based visualization techniques have been proposed to
address some of these issues. Although they do not always
solve the neighborhood problem, they allow to get a better
representation of the data density and to use the screen
space more efficiently. Different families of grid arrangement
methods exist, such as: sorting based methods (e.g. SSM [23]),
geometric based methods (e.g. VRGRID [12])), manifold based
methods (e.g. IsoMatch [[10] or any method based on 2d
dimension reduction followed by a grid assignment), filtering
and swapping based methods (e.g. FLAS [7]), or gradient-
descend based approaches (e.g. GradSort [6], or Shuffle-
Sort [S[]). The cost of these methods is often higher than
dimensionality reduction techniques by orders of magnitude;
however the visualization quality is often better, and this cost
is not a problem for small datasets (e.g. 1000 samples) or
when the visualization is not required to be real-time.

III. PROPOSED METHOD

The proposed framework combines both local and global
XALI strategies for PD. Local XAI aims to explain individual
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Fig. 2: Overview of the proposed explainability framework. 1-2) Pedestrian images are partitioned into anatomically meaningful
regions based on golden-ratio-inspired body proportions. Region-wise occlusions are applied to the input images, 3) which are
then processed by the pedestrian detector. 4) Ablation-CAM is used to generate saliency maps, 5) while grid-based visualization
provides a structured global representation of the detector behavior under different occlusion settings.

detector decisions through semantically meaningful perturba-
tions and saliency analysis, while global XAI aims to provide
an overall understanding of the detector behavior across large
sets of pedestrian samples.

As illustrated in Fig. 2| starting from input images with
ground-truth (GT) bounding boxes (bboxes), we firstly apply
semantically grounded occlusions by partitioning each pedes-
trian silhouette according to anatomical proportions derived
from the golden ration (see Section [[II-A). Each occluded
variant is then processed by a pedestrian detector, which
produces predictions and confidence scores for the pedestrian
instances. To interpret the model’s behavior, we compute
CAMs for each occlusion setting, highlighting the regions that
contributed most to detection. Finally, we employ a grid-based
visualization to organize input samples, enabling a structured
and interpretable view of the learned feature space.

A. Anatomically-Grounded Occlusions

The golden ratio, is a mathematical proportion historically
associated with harmony and aesthetic balance. In the context
of human body measurements, it has often been used to
describe idealized relationships between different anatomical
segments, such as the ratio of total height to the position of the
navel, or the proportions between limbs and torso. Classical
representations, such as Leonardo da Vinci’s Vitruvian Man
(see Fig. [T), reflect this search for geometric order in the
human form, suggesting that the body can be interpreted
through consistent proportional rules [1]].

In this work, we focus on the body proportions relevant to
the proposed occlusion experiments, namely: the head height

corresponding to approximately 1/8 of the body height, the
upper body extending from the head to the torso region, the
lower body corresponding approximately to the lower half of
the body, and the leg region — from below the foot to below
the knee — representing approximately 1/4 of the body height.
These proportions are used to define semantically meaningful
occlusion regions for XAl analysis.

B. Local Explainability

Traditional XAI methods for CV generally rely on saliency
maps or activation maps to highlight the regions used by the
model during inference. However, while such methods indicate
where the model focuses its attention, they often provide
limited semantic interpretation regarding the role played by
different human body regions in the final decision [8].

To address this limitation, we propose a semantically
grounded local XAI strategy based on anatomically meaning-
ful occlusions combined with Ablation-CAM visualizations.
For each pedestrian GT bbox, four occlusion settings are
generated according to the anatomical regions described in
Sec. head, upper body, lower body, and legs. In addition,
the original non-occluded bboxes are also considered for
comparison purposes. Each occluded image is processed in-
dependently by the pedestrian detector, producing a detection
confidence score and a predicted bbox.

To further interpret the detector behavior, we compute
Ablation-CAM for each occlusion setting. The resulting activa-
tion maps highlight the image regions contributing most to PD
under each anatomical occlusion setting. By comparing them
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Fig. 3: Average Ablation-CAM activation maps. The heatmaps
highlight how the detector redistributes its attention depending
on the visible body regions. Interestingly, although the full-
body setting shows relatively limited attention on the upper
body (e), these regions become significantly more important
when lower body parts are occluded (c-d), suggesting the
ability of the detector to rely on complementary semantic body
cues when necessary.

with the corresponding detector average precision, it becomes
possible to analyze how the detector redistributes its attention
when specific semantic body regions are removed.

C. Global Explainability

The visualization of input data or the latent space of a model
can be used to get a global understanding of the model’s
behavior. This is commonly done by projecting them in a
2d dimensional space and representing them with a scatter-
plot. As previously presented, we favor to use grid-based
visualization techniques to get a better representation of the
data density and to use the screen space more efficiently. We
can assume that close pedestrian bounding-boxes in the grid
have a close feature representation. By visually analyzing the
grid, we can get insights on the model’s behavior, such as the
presence of clusters of similar bboxes, the distribution of true
positives and false positives, etc.

It is interesting to analyze the bboxes based on the anatom-
ical properties of the pedestrians. Thus, according to the
golden ratio described in Sec. [[II-A] we applied occlusions
on the pedestrian GT bboxes to obtain the following test sets:
full body, lower body occlusion, upper body occlusion, head
occlusion, leg occlusion.

As such the grids are generated for each test set. A bbox can
be used to extract the image patch corresponding to the bbox
as well as the Ablation-CAM representation of the pedestrian

detector (see [[I-A] for more details on the Ablation-CAM
representation). Both approaches are experimented.

IV. EXPERIMENTAL PROTOCOL
A. Dataset

The experiments rely on the P-DESTRE dataset [16], a
fully annotated UAV-based pedestrian dataset designed for PD,
tracking, re-identification, and search tasks. The dataset was
acquired using DJI Phantom four drones flying over outdoor
university campus environments under realistic surveillance
conditions, with varying viewpoints, camera pitch angles,
illumination conditions, and pedestrian densities.

P-DESTRE contains video sequences recorded at 30 fps
with a spatial resolution of 3840 x 2160 pixels. The dataset
includes annotations for pedestrian bboxes at frame level,
consistent pedestrian identities across acquisition sessions,
head pose information, and multiple soft biometric attributes.
In total, the dataset contains more than 250 identities observed
across multiple sessions and viewpoints.

B. Pedestrian Detection

Pedestron [13]] is a MMdetection based repository (MMDe-
tectionﬂ is an open source object detection toolkit based on
PyTorch and part of the OpenMMLab projecﬂ}, that focuses
on the advancement of research on PD. It provides a list of
detectors, both general purpose and pedestrian specific, to train
and test. It also provides pretrained models and benchmarking
of several detectors on different PD datasets. The pretrained
models are made available on the Pedestron website]

We assess pedestrian-detector XAl under synthetic occlu-
sion using a Pedestron/MMDetection inference pipeline with
Ablation-CAM. Pedestron provides different models for PD,
the selected model is the Cascade Mask R-CNN, trained on the
general human/person detection dataset: Crowd Human [24].

Given an input RGB frame [, the image is resized to 960 x
540 pixel. GT pedestrian annotations coordinates are mapped
to the image. Let a pedestrian annotation be represented as
b= (z,y,w,h), where (z,y) is the top-left corner and (w, h)
are width and height. For the head-occlusion setting used in
the script, we define:

Qhead = [3;‘,1‘—|—’LU) X [y7y+ I_h/8j)

The occluded image fhmd is produced by replacing peaq
pixels with their local mean intensity (channel-wise). The
experiments are repeated for occlusion variants: upper body
(top half), lower body (bottom half), and legs (bottom-quarter)
regions to obtain (fum,e,«, flowerjzeg)-

GT pedestrian bboxes are used to define the anatomical
occlusion regions rather than predicted detections. This choice
ensures spatially consistent body partitioning across all ex-
periments and avoids introducing additional variability caused
by localization errors or missed detections. Using predicted

'Read more at https://github.com/open-mmlab/mmdetection
2Read more at https://openmmlab.com/
3Pedestron: https://github.com/hasanirtiza/Pedestron



bboxes could lead to inconsistent anatomical masking and
would impact the analysis of the semantic contribution of
different body regions.

The occluded image I, is processed by the pedestrian de-
tector. Predicted bboxes are represented by b = (z,y,w, h, s),
where s is the prediction confidence. Predicted bboxes are
filtered by confidence:

where s; is the detector score for box b;. XAl maps are com-
puted with Ablation-CAM. This yields a grayscale activation
map M, which is resized to 960 x 540 pixel.

C. Local Explainability with Ablation-CAM

Local XAI experiments are conducted using the
pytorch-grad-cam repositoryﬂ which provides CAM-
based XAI methods for CNN-based architectures. In this
work, the Ablation-CAM [9] implementation is adapted to
the Pedestron/MMDetection PD pipeline.

Following the implementation of the
pytorch-grad-cam framework, feature-map importance
is estimated by progressively ablating convolutional
channels and measuring the corresponding decrease in
the detector score. The method is configured using the
AblationLayerPedestron ablation layer and the
pedestron_ablation_reshape_transform reshape
transformation provided by the modified implementation. The
ratio of ablated channels is set to 1.0.

The resulting grayscale activation maps are resized to the
original input image resolution (960 x 540). Average acti-
vation maps are computed independently for each occlusion
configuration by averaging the generated Ablation-CAM maps
over all pedestrian samples. Before averaging, each pedestrian
is cropped using the GT bbox annotations and resized to
a common spatial resolution of 50 x 100 pixels. This nor-
malization step ensures spatial alignment between pedestrian
samples and enables the analysis to focus on the contribution
of coarse anatomical regions rather than fine-grained pixel-
level variations.

In addition, pedestrian bboxes with an aspect ratio lower
than 0.6 are excluded from the averaging process, as they
typically correspond to partially visible pedestrians that do not
contain complete body information. Including such samples
would introduce structural inconsistencies in the averaged
activation maps and reduce the interpretability of the resulting
saliency distributions.

Fig. [3] presents the resulting average saliency maps for the
different occlusion settings.

D. Global Explainability with FLAS

We have implemented all methods mentioned in the related
works section, and selected the FLAS algorithm both for the
overall quality of the visualization and for its computational
efficiency. Several parameters are requested by the algorithm:

4Ablation-CAM: https://github.com/jacobgil/pytorch- grad-cam

Method AP Recall Precision F1 Score
Full body - orig. size 85.68 57.94 88.79 0.701
Full body - resized 1/4  86.51  57.38 90.28 0.701
Lower body occluded 68.37 49.74 80.52 0.615
Upper body occluded 35.25 30.22 59.96 0.401
Head occluded 81.98 55.09 87.45 0.674
Legs occluded 79.83 5453 86.26 0.668

TABLE I: Pedestrian detection performance under different
anatomically grounded occlusion settings. The results report
Average Precision (AP), Recall, Precision, and F1-score, en-
abling the analysis of the contribution of different body regions
to the detector performance.

the initial filter radius, the radius reduction factor, and the
number of swap candidates; they are optimized with gridsearch
on a subset of the dataset.

Euclidean distance is used to compare the feature vectors of
the bboxes. The feature vector is build by concatenating CLIP
features [21]] and the color-histogram (this has empirically
shown the best results among various tries including HOG
features, raw RGB values, color-histogram alone or CLIP
features alone). The pedestrian bounding is depicted using the
raw pixel values or filtered version that keeps only the pixels
within the 30% most important according to the heatmap.

The aspect ratio of the bboxes is preserved when displayed
to a grid. We have chosen to generate grids that are visually
squared (e.g. there are more images horizontally than vertically
because of the aspect ratio of a pedestrian).

V. RESULTS AND DISCUSSION

To quantitatively evaluate the impact of the proposed
anatomical occlusions on PD performance, we use the Average
Precision (AP) metric, which is one of the standard evaluation
measures for object detection. AP summarizes the precision-
recall curve by computing the average detection precision over
all recall levels. In practice, a predicted bbox is considered
correct when its Intersection over Union (IoU) with a GT
pedestrian annotation exceeds a predefined threshold. AP
therefore jointly measures the ability of the detector to cor-
rectly localize pedestrians while minimizing false detections.

For each occlusion configuration (full body, head occlu-
sion, upper body occlusion, lower body occlusion, and leg
occlusion), the corresponding modified dataset is processed
independently by the Cascade Mask R-CNN detector. Detector
outputs are filtered using a confidence threshold of 0.3, and
the resulting predictions are compared against the original
P-DESTRE GT annotations. Precision, recall, Fl-score, and
Average Precision are then computed for each occlusion
setting, enabling the quantitative analysis of the contribution
of different anatomical regions to PD performance. The results
are summarized in Tab. [l

Although the activation maps in Fig. [3| indicate that the
detector focuses primarily on the lower body region, and
in particular on the legs, the performance degradation is
most pronounced when the upper body is occluded. This
apparent contradiction highlights the complementary roles of
different anatomical regions in the detection process. The
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lower body provides strong local and discriminative cues,
which explains the concentration of activation in this area.
However, the upper body contributes essential global structure
and contextual information that stabilizes the detection. When
the upper body is removed, the model loses important spatial
and geometric consistency, leading to a significant drop in
performance. This suggests that PD relies not only on localized
salient features but also on the overall coherence of the human
body. This behaviour suggests that current XAI methods may
overemphasize highly activated regions, while underestimating
the importance of less salient but structurally critical regions.

Regarding global XAI, the resulting grid visualizations re-
veal several global organization patterns in the detector repre-
sentation space. Large-scale structures are strongly influenced
by illumination, contrast, and overall pedestrian silhouette
appearance, indicating that global visual characteristics sig-
nificantly contribute to the learned representation. In addition,
neighboring regions in the grid frequently contain pedestrians
with similar body visibility, posture, and viewpoint, suggesting
that the detector also organizes samples according to seman-
tically meaningful pedestrian properties. Transition regions
between major clusters often correspond to visually ambiguous
or partially occluded pedestrians, which may indicate more
challenging detection conditions.

The thresholded grid visualizations provide additional in-
sights into the global behavior of the pedestrian detector
by emphasizing only the most discriminative regions iden-
tified by Ablation-CAM. Compared to the original RGB
grids, the thresholded representations reduce the influence
of background appearance, clothing color, and illumination
conditions, allowing the organization of the feature space to
reflect primarily the detector attention patterns. The resulting
grids reveal that pedestrians are mainly grouped according
to structural and anatomical cues, such as body silhouette,
pose, and the spatial distribution of activated regions. In par-
ticular, strong activations are frequently concentrated around
the lower body and leg regions, confirming the observations
obtained from the local explainability analysis. Furthermore,
the thresholded grids facilitate the identification of outliers and
atypical activation patterns, corresponding to heavily occluded,
truncated, or low-confidence pedestrian samples.

A zoomed view of the FLAS grids, is presented in Fig. []
for readability purposes, while the complete high-resolution
FLAS visualizations, including thresholded grids, as well as
the t-SNE grid visualizations for comparison, are provided as
supplementary material at: |[Supplementary Materia

Overall, the proposed grid-based visualization provides
an interpretable global overview of the detector behavior
and complements the local explanations obtained through
Ablation-CAM.

VI. CONCLUSION
The proposed approach addresses an important limitation of
traditional XAI methods, which often highlight relevant image

5Grid visualizations: https://galdi.eurecom.io/EXFMA2026_supplementary_
material.html
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Fig. 4: FLAS-based global explainability: (a) top-left region
contains brighter images with higher contrast and strong sun-
light; (b) right region is dominated by dark clothing and lower
illumination; (c) bottom region contains more back-facing
pedestrians; (d) transition regions between clusters contain
more ambiguous or partially occluded pedestrians. Complete
HR available at Supplementary Material®.

regions without providing explanations that are easily inter-
pretable from a human perspective. By constraining perturba-
tions according to meaningful anatomical body regions, the
proposed framework enables a more intuitive understanding
of the detector behavior.

Local explainability was achieved through anatomically
meaningful occlusions inspired by Leonardo da Vinci’s golden
ratio and analyzed using Ablation-CAM saliency maps, while
global explainability was investigated through grid-based vi-
sualization of pedestrian representations.

The experimental results showed that different anatomical
regions contribute differently to pedestrian detection perfor-
mance. Although the Ablation-CAM analysis revealed that the
detector attention is strongly concentrated around the leg re-
gion, the largest performance degradation was observed when
the upper body was occluded. This suggests that pedestrian
detectors rely not only on the most visually salient regions,
but also on complementary semantic body structures required
to preserve the global consistency of the human silhouette.

The proposed global explainability analysis further demon-
strated that grid-based visualizations can reveal meaningful
organization patterns in the detector representation space,
including similarities related to body structure, visibility, and
activation distributions. In particular, thresholded CAM-based
grids were shown to reduce appearance bias and provide a
more faithful representation of the detector attention mecha-
nisms.
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