ODExAI: A Comprehensive Object Detection
Explainable AI Evaluation

Loc Phuc Truong Nguyen!®, Hung Truong Thanh Nguyen?®, and Hung Cao?

! Friedrich-Alexander-Universitéit Erlangen-Niirnberg, 91054 Erlangen, Germany
2 University of New Brunswick, Fredericton E3B 5A3, Canada
loc.pt.nguyen@fau.de, {hung.ntt,hcao3}@unb.ca

Abstract. Explainable Artificial Intelligence (XAI) techniques for in-
terpreting object detection models remain in an early stage, with no
established standards for systematic evaluation. This absence of consen-
sus hinders both the comparative analysis of methods and the informed
selection of suitable approaches. To address this gap, we introduce the
Object Detection Ezplainable AI Evaluation (ODExAI), a comprehensive
framework designed to assess XAI methods in object detection based on
three core dimensions: localization accuracy, faithfulness to model behav-
ior, and computational complexity. We benchmark a set of XAI methods
across two widely used object detectors (YOLOX and Faster R-CNN) and
standard datasets (MS-COCO and PASCAL VOC). Empirical results
demonstrate that region-based methods (e.g., D-CLOSE) achieve strong
localization (PG = 88.49%) and high model faithfulness (OA = 0.863),
though with substantial computational overhead (Time = 71.42s). On the
other hand, CAM-based methods (e.g., G-CAME) achieve superior local-
ization (PG = 96.13%) and significantly lower runtime (Time = 0.54s), but
at the expense of reduced faithfulness (OA = 0.549). These findings demon-
strate critical trade-offs among existing XAI approaches and reinforce the
need for task-specific evaluation when deploying them in object detection
pipelines. Our implementation and evaluation benchmarks are publicly
available at: https://github.com/Analytics-Everywhere-Lab/odexai.
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1 Introduction

Deep neural networks (DNNs) have greatly advanced object detection, but their
opaque decision-making limits interpretability [36,38,4]. This reduces trust and
restricts deployment in sensitive domains such as healthcare [41,59,11,37] and
security [40,6,33], where models must offer not only high accuracy but also
transparent, fair, and domain-aligned reasoning [55,10,62]. Explainable AI (XAI)
addresses this need by making detection decisions more interpretable.

XAI has emerged as a distinct research area, driven by advances in deep learn-
ing, DARPA-funded initiatives [17], and the recognition of a right to explanation
in the GDPR [20], EU AI Act [35]. In recent years, a wide range of XAI methods
for object detectors has been proposed. While this reflects growing interest in the
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field, it also presents several challenges [24]. The number of available methods is
increasing rapidly, and many offer only minor variations, such as Spatial Sensitive
Grad-CAM [61]| and Spatial Sensitive Grad-CAM++[60]|, or produce similar
outputs despite differing implementations, as seen with D-RISE [44] and ODAM
[65]. As discussed by several works [34,36,38,4,40], explanation quality must be
assessed across several dimensions, such as faithfulness to the model’s reasoning,
conciseness, fairness, and alignment with domain knowledge. Yet two critical
questions remain open: how to select an appropriate XAI method, and how to
benchmark it in a standardized manner that ensures objective evaluation and
supports generalizable findings.

To address these challenges, we introduce the Object Detection Ezxplainable A1
Evaluation (ODExAI), a structured approach for evaluating and comparing XAI
methods for object detection. Recent work has focused on developing metrics
to benchmark interpretability techniques across settings. These metrics enable
quantitative assessment of localization, faithfulness, and complexity, offering
insight into each method’s strengths, limitations, and suitability. The main
contributions of this work are:

1. We propose ODExAI Framework grounded in three key interpretability
dimensions: faithfulness, localization, and complexity. Each dimension is
supported by a set of quantitative metrics, enabling systematic and task-
specific assessment.

2. We conduct a toy experiment to illustrate the use of ODExAI in evaluating
three novel XAI methods: D-CLOSE [57], G-CAME [39], and D-RISE [44],
across two widely used detectors, YOLOX [14] and Faster R-CNN [47], using
the MS COCO [25] and PASCAL VOC [12] datasets.

3. We conduct a comprehensive analysis of the trade-offs between XAI methods,
highlighting their performance across different interpretability dimensions.
Based on the evaluation outcomes, we provide practical guidelines for selecting
suitable XAI methods according to task-specific requirements.

2 Background

This section reviews object detection models and the XAI methods applied
to interpret their outputs. It also outlines recent progress and key challenges,
particularly the lack of a unified and standardized evaluation framework for
explanation techniques.

2.1 Object Detection Models

DNNs have significantly advanced object detection through various techniques,
each offering distinct advantages. Single-stage detectors, such as the YOLO [45]
family (e.g., YOLOv3 [46], YOLOv4 [3], and YOLOX [14]) and SSD|26], are
optimized for real-time detection, offering a balance between speed and accuracy.
Two-stage detectors, known for their high precision, include Faster R-CNN [48],
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Mask R-CNN [18] (which extends detection to instance segmentation), and
Cascade R-CNN [7], which refines results through multi-stage processes. Anchor-
free detectors simplify detection by directly predicting object centers or corners,
with notable examples such as CornerNet [23], CenterNet [9], and FCOS [56]
(Fully Convolutional One-Stage Object Detection). Transformer-based detectors,
including DETR [56] (DEtection TRansformer), Deformable DETR [8] (which
accelerates convergence), and Swin Transformer [27] (known for hierarchical
feature extraction), leverage attention mechanisms to improve performance.

2.2 Explainable AI for Object Detection

While XAI techniques are widely used in classification and segmentation, their
application to object detection remains limited due to constraints in flexibility,
efficiency, and adaptability [16]. As noted in [39], these methods fall into two
main categories: region-based and CAM-based saliency approaches. Region-based
methods assess the importance of image regions by masking inputs and observing
changes in output. Examples include LIME [49], RISE [43], and object detection
variants such as SODEx [50], D-RISE [44], and D-CLOSE [57], which enhance
precision through task-specific adaptations. These approaches are model-agnostic
and intuitive. In contrast, CAM-based methods like Grad-CAM [51] use feature
maps and partial derivatives to generate saliency maps, offering efficiency but
often yielding less informative results for detection tasks. Designed primarily for
classification, they lack dedicated adaptations for detection. The recently proposed
G-CAME [39] addresses these gaps by providing stable, efficient explanations
across both one-stage and two-stage detectors.

2.3 Development and Gaps in XAl for Object Detection

XALI is essential for object detection for understanding how models assign class
labels and bounding boxes from visual features. It helps verify whether predictions
rely on relevant regions, supports error analysis, and enhances transparency. In
healthcare, XAI has been applied to thyroid nodule detection [41], tumor local-
ization [11], and abnormality identification [59]. In autonomous driving, it aids in
diagnosing detection failures [53] and assessing robustness under varying weather
conditions [54]. In environmental monitoring, it explains outputs in deforestation
tracking [5] and ecological change analysis [52]. In security, it promotes fairness
in detecting individuals with disabilities [40], while in agriculture, it supports
interpretation in crop health monitoring [33] and pest detection [6].

Although XAI methods are broadly applicable, their evaluation remains incon-
sistent and lacks standardization [24,2]. This stems from subjective assessment
criteria and methodological diversity. In many cases, formal procedures are absent,
leading to ad hoc strategies tailored to specific models, datasets, or use cases
[28]. As a result, findings are often difficult to compare or reproduce, limiting
progress toward reliable and generalizable explanations. Several initiatives have
attempted to address this gap. Quantus [19], an open-source toolkit, offers com-
putational metrics for evaluating explanation properties. Other studies seek to
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clarify evaluation processes [24,34] or provide practical guidelines for designing
evaluation protocols [29,2]. However, current approaches lack consensus, and no
unified evaluation framework exists for XAl for object detection [41,31,21].

3 The proposed ODExAI Framework

The absence of a standardized evaluation framework in XAI has led to the use of
ad hoc metrics, often tailored to specific methods. Although these metrics cover
diverse evaluation criteria, their proliferation introduces uncertainty about task
relevance, hindering reproducibility and generalization. To address this, ODExAI
defines three core evaluation properties for object detection, each illustrated by
schematic diagrams (Figure 2-Figure 4). Metrics are grouped by property based
on shared objectives, enabling a more structured, consistent, and interpretable
evaluation process.

3.1 Framework Overview

Our framework consists of two main components: Saliency Map Extraction with
XAT and Explanation Evaluation. The overall procedure is illustrated in Figure 1.
A detailed description of each component is provided below:

1. Saliency Map Extraction with X AI: This part focuses on generating
saliency maps using XAI methods. Users begin by uploading an image and
selecting the task, with object detection models assigned, e.g., Faster R-CNN
[47] and YOLOX [14]. After prediction, the user selects the target object and
an explanation method, e.g., D-CLOSE [57], G-CAME [39], and D-RISE [44],
to generate the saliency map.

2. Explanation Evaluation: This part provides an overview of each explana-
tion method across three dimensions: localization, faithfulness, and complexity.
Once the explanation is generated, users can initiate the evaluation, which is
visualized as a spider plot. Each dimension includes multiple metrics, with
corresponding numerical values that quantify the method’s performance.

3.2 Localization Metrics

Localization quality is measured by how well an explanation aligns with a
user-defined region of interest (ROI) [4], as shown in Figure 2. This involves
comparing the most relevant pixels in the explanation map to labeled regions
such as bounding boxes or segmentation masks. Since the ROI is assumed to
be critical to the model’s decision [4,1,63], localization is considered high when
relevance is concentrated within it. We quantify this using the Pointing Game
(PG) [63] and Energy-based Pointing Game (EBPG) [58] metrics.
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Fig. 1: Overview of the architecture and web interface of our proposed Object
Detection Explainable AI Evaluation (ODExAI).

Pointing Game (PG) [63] evaluates the spatial precision of saliency maps
by measuring their ability to localize target object categories. For each saliency
map, the metric identifies the point of maximum saliency and checks if it falls
within the ground truth annotation of the target object. A hit is recorded if the
point lies within the annotated region; otherwise, it is counted as a miss. The
localization accuracy is defined as:

# Hits

PG =
# Hits + # Misses

(1)

where # Hits and # Misses denote the total number of correct and incorrect
localizations, respectively. The overall performance is calculated by averaging the
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Fig. 2: Demonstration of the localization property using region-specific relevance
comparisons. Localization measures how well an explanation aligns with the
spatial region that is most responsible for the model’s prediction. To evaluate
this, a region of interest (ROI) is predefined in the input image (red box), marking
the area where the most relevant evidence is expected to reside. In this example,
the target is the object “train”. After model inference, an explanation map is
generated, and pixel-wise relevance scores are computed. The k relevance scores
within the ROI are then compared with the top-k scores from the full explanation
map. A method with strong localization is expected to assign the highest relevance
to pixels inside the ROL.

accuracy across all categories. A high PG score for an XAI method indicates its
ability to generate accurate and interpretable saliency maps.

Energy-Based Pointing Game (EBPG) [58] evaluates the spatial accuracy
of saliency maps by analyzing how much of the map’s energy (activation) falls
within the annotated bounding box of the target object. Unlike the traditional
PG, which focuses on a single maximum point, this metric considers the overall
distribution of energy within the relevant regions. The localization accuracy is
defined as:

E Lgi,j)ebbox
Z Lfi,j)beox + Z L((:i,j)gbbox

EBPG = (2)

where Lci’j represents the saliency map intensity at pixel (4, j), and bbox refers
to the bounding box region of the target object. The overall performance is
calculated by averaging the accuracy across all categories. A high EBPG value
indicates that the XAl-generated saliency maps can effectively localize the target
region and suppress noise outside the bounding box.

3.3 Faithfulness Metrics

Faithfulness measures how changes to highly relevant input features affect the
model’s prediction [57], as shown in Figure 3. It is evaluated by progressively
inserting or deleting pixels with high relevance scores and comparing the resulting
predictions to the original. Since relevance reflects each feature’s contribution,
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Fig. 3: Hlustration of the faithfulness property using progressive perturbation.
Faithfulness evaluates how the most relevant pixels affect the model’s prediction.
Explanation scores are first ranked to identify the most relevant features, high-
lighted in red. Their corresponding positions are then mapped onto the flattened
input, as indicated by the arrows. In the top panel, pixels are progressively
removed (masked in black), while in the bottom panel, they are progressively
added to a blank input. At each step, the modified input is passed through the
model, and the prediction confidence is recorded. A faithful explanation produces
a steep confidence drop when highly relevant pixels are removed and a sharp
increase when they are added, whereas perturbing less relevant regions yields
smaller changes.

significant prediction shifts are expected when important features are modified.
We quantify faithfulness using the Deletion and Insertion [43] and Over-All (OA)
[64] metrics.

Deletion (Del) and Insertion (Ins) The Deletion [43] metric evaluates the
effect of removing key features by tracking the decline in predicted class probability
as important pixels, identified by the saliency map, are progressively removed. A
steep probability drop, quantified by a low area under the curve (AUC), denotes a
strong explanation. In contrast, the Insertion [43] metric measures the probability
increase when pixels are gradually introduced, with a higher AUC indicating
better explanations.
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Fig. 4: Visualization of the complexity property via relevance score distributions.
Complexity measures how concentrated or dispersed an explanation is over the
input space. After inference, relevance scores are assigned to all input pixels
and sorted to generate a distribution curve. In the top panel, low complexity
is illustrated by a steep curve where few pixels carry most of the relevance.
In contrast, the bottom panel shows high complexity, with scores distributed
more uniformly, resulting in a flatter curve. Low-complexity explanations are
desirable because they highlight key regions, reduce the effective input space,
and focus the analysis on essential model components, leading to more efficient
and interpretable outputs.

Scores

Over-All (OA) [64] metric is defined as AUC(Insertion) — AUC(Deletion),
provides a comprehensive evaluation of saliency map quality by considering
both its positive and negative effects on the model’s predictions. A higher score
indicates the saliency map effectively highlights critical regions (high Insertion)
while minimizing the influence of irrelevant ones (low Deletion).

3.4 Complexity Metrics

Complexity reflects the conciseness of an explanation, ideally highlighting a small
set of key features [4]. Concise explanations are easier to interpret and tend
to convey more useful information with less noise [4,15]. We also incorporate
computation time into the complexity measure, as high runtime can limit the
practicality of XAI methods in real-time or large-scale systems [22]. Complexity
is quantified using the Sparsity metric [15] and by recording the runtime of each
method. The overall concept is illustrated in Figure 4.

Sparsity [15] metric measures how concentrated or dispersed the scores in a
saliency map are, reflecting the focus of attention on specific regions. It is defined
as the ratio of the maximum score (Spax) to the mean score (Spean):

Sparsity = Smax. (3)

mean



ODExXAI: Object Detection Explainable Al Evaluation 9

It should be noted that all saliency map scores are min—max normalized before-
hand to ensure consistency across methods. A high sparsity value corresponds to
a high Sy ax/Smean ratio, i.e., a low mean score Spean, indicating that the map’s
focused areas are narrow and well-defined.

Computation Time records the time taken to compute explanations for a
given model input. It is typically reported as the average runtime per instance
and depends on factors such as model complexity, input size, and explanation
method. Lower values indicate higher efficiency, while higher values reflect greater
computational cost.

4 Demonstrative Example

This section presents a toy experiment to demonstrate the utility of the ODExAI
framework. We first introduce the evaluated XAI methods, benchmark datasets,
and object detection architectures, followed by the experiment and a detailed
report of the results.

4.1 Benchmark Datasets and Object Detection Models

We evaluate XAI methods on two standard object detection benchmarks: MS
COCO 2017 [25], containing 123,287 images across 80 object categories, and
PASCAL VOC 2012 [12], with 11,530 images spanning 20 classes. These
datasets are selected for their diversity in scene complexity and annotation
quality. To ensure architectural variety, we employ Faster R-CNN [47], a
two-stage detector known for high accuracy, and YOLOX [14], a single-stage,
anchor-free model optimized for real-time performance.

4.2 XAI Methods for Object Detection

In this work, we focus on XAI methods from the region-based and CAM-based
categories, as defined in [39] for object detection models. A brief description of
the selected methods is given as follows:

1. D-CLOSE [57] is a region-based XAI method that generates saliency maps
by segmenting the input image at multiple levels and combining their features
to enhance explanation quality. Random masks are used to perturb the
input, and the similarity scores between the masked outputs and the target
prediction are calculated to weigh the importance of each region. The saliency
maps are normalized using a density map to reduce noise, and multi-scale
feature fusion aggregates fine-grained to coarse-grained features.

2. D-RISE [44] is a region-based XAI method designed to generate saliency
maps for object detectors by jointly addressing localization and classification.
It applies randomized binary masks to the input and evaluates their impact on
detection outcomes. The importance of each masked region is estimated using
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a similarity metric that combines Intersection over Union (IoU) for spatial
alignment, cosine similarity for classification consistency, and objectness
scores. The final saliency map is obtained by aggregating the masks weighted
by their contributions.

3. G-CAME |39] improves CAM-based explanation methods for object detec-
tion by integrating a Gaussian kernel for saliency map refinement. Specifically,
it combines gradient-based localization with Gaussian weighting, effectively
suppressing background noise and enhancing the detection of small objects.
The method consists of four steps: selection of target layers, gradient-based
object localization, feature map weighting, and Gaussian masking.

4.3 Results

We evaluate the selected XAI methods for object detection using YOLOX and
Faster R-CNN on the MS COCO and PASCAL VOC datasets across three core
criteria: faithfulness, localization, and complexity, each measured using dedicated
quantitative metrics. All experiments are conducted under identical settings,
with 2000 perturbed masks for both D-CLOSE and D-RISE. The evaluation
is run on a system with an Nvidia Tesla T4 GPU and 24GB of RAM. Results
in Table 1 show that ODExAT consistently measures explanation quality and
informs method selection for specific detection tasks.

Faithfulness Results Across both datasets and models, D-CLOSE consistently
outperformed in faithfulness metrics. For example, on MS-COCO with YOLOX,
it achieved the highest Insertion (0.908) and OA (0.881), with the lowest Deletion
(0.027). This trend held across all settings, with D-CLOSE achieving the highest
OA on three out of four model-dataset combinations. These results indicate that
region-based explanations generated by D-CLOSE are tightly aligned with the
model’s true decision process, highlighting its high faithfulness.

Localization Results In contrast, G-CAME excelled in the localization di-
mension, achieving the highest EBPG and PG scores across all configurations.

Table 1: Evaluation results from ODExAI

Dataset MS-COCO PASCAL VOC
Model YOLOX Faster R-CNN YOLOX Faster R-CNN
Method D-CLOSE G-CAME D-RISE D-CLOSE G-CAME D-RISE D-CLOSE G-CAME D-RISE D-CLOSE G-CAME D-RISE
Inst 0.908 0.703 0.812 0.912 0.718 0.867 0.804 0.512 0.775 0.826 0.534 0.783
Del) 0.027 0.059 0.043 0.049 0.169 0.152 0.128 0.183 0.103 0.171 0.284 0.206
OA?T 0.881 0.644 0.769 0.863 0.549  0.715 0.676 0.329  0.672 0.655 0.250 0.577
PG(%)r 87.86 94.31  86.55 88.49 96.13  84.12 81.48 93.96  79.01 82.94 95.13  80.11
EBPG(%)t| 35.45 67.16  18.47 36.13 70.11  20.74 29.23 58.39  28.11 31.84 57.84  29.94
Sparsity? 27.12 4.91 6.21

70.12 0.43 98.67 71.42 0.54 99.11 70.94 0.48 99.19 72.94 0.63 99.98

25.02 2.84 443 ‘ 26.13 4.95 5.91 H 26.84 3.81 12.45

Time(s)|
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For instance, on YOLOX with MS COCO, it reached PG = 94.31% and EBPG
= 67.16%, significantly outperforming D-CLOSE and D-RISE. This consistent
strength in localization suggests that CAM-based methods are highly effective
at identifying relevant object regions, even when their explanations do not fully
capture the model’s internal reasoning.

Complexity Results G-CAME was also the most computationally efficient, with
runtimes under 1s across all settings. For instance, on MS-COCO with YOLOX,
it required only 0.43s, compared to 70.12s for D-CLOSE and 98.67s for D-RISE.
However, its Sparsity was the lowest, indicating more diffuse explanations. In
contrast, D-CLOSE produced the most concise maps but at a significantly higher
cost.

5 Discussion

This section discusses the trade-offs between XAI methods revealed by ODExALI,
offers guidance on selecting suitable approaches, acknowledges current limitations,
and outlines directions for future development.

5.1 Trade-off Analysis and Suggestions for Method Selection

The evaluation reveals clear trade-offs among XAI methods for object detec-
tion, showing that no single approach satisfies all interpretability requirements
[42,30]. Region-based methods like D-CLOSE demonstrate strong faithfulness
and produce sparse saliency maps due to their perturbation-based design: they
systematically mask input regions and measure changes in model predictions,
directly attributing importance to causally influential areas [57,39]. This yields
explanations closely aligned with the model’s decision process, as confirmed by
faithfulness metrics, and results in concise, object-focused maps with minimal
noise [57]. However, the repeated inference across multiple segmentation levels
imposes significant computational overhead, limiting practicality for real-time or
resource-constrained applications [57,39).

In contrast, CAM-based methods such as G-CAME achieve superior localiza-
tion and low runtime by using internal feature maps and gradient signals from
specific layers to generate saliency maps [39]. On the one hand, selecting appro-
priate layers for explanation requires specialized knowledge from users [13,38|.
On the other hand, this design enables rapid computation and produces highly
localized explanations, as reflected in strong PG and EBPG scores. However, be-
cause they rely on aggregated activations rather than direct input perturbations,
these methods may miss the exact features responsible for decisions, leading to
lower faithfulness [39,32].

D-RISE, while not leading in any single metric, maintains consistently mod-
erate performance across all evaluation dimensions, making it a robust option
for ensemble-based detection or sensitivity analysis, where explanation diver-
sity is valuable [57,39,44]. These results demonstrate ODExAT’s effectiveness in
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highlighting method-specific trade-offs and guiding the choice of XAl techniques
based on task-specific interpretability goals.

5.2 Limitations and Future Development

Despite promising results, the current framework presents several limitations.
First, the number of included XAI methods and evaluation metrics remains lim-
ited, which may restrict generalizability. Future work will expand the framework
to incorporate additional methods and metrics, aiming for broader coverage
and the development of more comprehensive evaluation tools. Second, some
dimensions mix higher-better and lower-better metrics, which may introduce
inconsistency. A possible solution is to assign weights to account for these direc-
tional differences. Third, the framework lacks a proper normalization scheme,
which can be misleading when metrics differ in scale or unit. A promising ap-
proach is the skill score proposed in [4], which compares an explanation method’s
performance relative to a reference baseline designed to violate the assumptions
of each evaluation property. The skill score quantifies how much an explanation
improves over this worst-case scenario.

6 Conclusion

In this work, we introduce the Object Detection Ezplainable Al Evaluation
(ODExAI), a structured system for assessing XAI methods for object detection.
ODEXxAI supports the selection of explanation techniques based on three core
dimensions: localization accuracy, faithfulness to model predictions, and compu-
tational complexity. To validate the framework, we evaluate several XAl methods
on two widely used object detectors and standard benchmark datasets. Results
show that region-based methods perform well in both localization and faithfulness
but incur higher computational cost. CAM-based methods, by contrast, are more
efficient and provide good localization but are less faithful. These findings reveal
key trade-offs and underscore the need for task-specific evaluation when selecting
XAI methods. Future work will expand the framework with additional methods
and metrics, and establish consistent, interpretable evaluation procedures for
each dimension.
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