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Abstract
Physically grounded PSF-based image degradation is nec-

essary for studying optics-related object-detector robustness, but
existing workflows typically rely on offline dataset generation and
integrate poorly with GPU-resident frameworks such as MMDe-
tection. We present CIDPL, a CUDA-accelerated Python library
that adapts our standalone Image Degradation Application (IDA)
into a real-time, framework-integrated pipeline for MMDetection.
CIDPL couples Python and C++ via PyBind11, performs degra-
dation directly on GPU tensors in the DataPreprocessor, and
organizes multiple optical variants in a traceable Super-Batch
format. Numerical validation shows exact agreement with IDA
for TIFF inputs, while optical validation reproduces KrakenOS-
based SFR trends. In throughput tests, CIDPL improves mean
degradation speed over IDA by 4.7x on a single GPU and 7.6x on
two GPUs, enabling real-time processing at 117 FPS with negli-
gible overhead during both training and inference. KITTI experi-
ments further show that the integration enables practical detector-
level robustness studies under varying defocus conditions.

Introduction
Object detection for 2D camera imagery is a key component

of modern perception systems, especially in autonomous driving.
In such safety-critical settings, robustness against real optical con-
ditions is essential. While optics-induced domain shift is often
under-modeled in current object detection workflows, missed de-
tections can directly lead to safety-relevant failures. [23, 24, 19]

Real optical systems, e.g. automotive lenses, are shaped by
physically grounded effects such as field-dependent defocus and
aberrations, which are naturally described by Point Spread Func-
tions (PSFs). Thus, robustness to optics-induced artifacts must be
assessed under PSF-based degradations tied to measurable prop-
erties of concrete lens designs, rather than relying only on sim-
plified image perturbations. [34, 25, 13] Current object detection
workflows typically rely on one of two extremes.

Simplified augmentations such as Gaussian blur are easily
integrated, but do not represent realistic optical image forma-
tion [25]. Conversely, physically motivated PSF-based degra-
dation is often realized offline, e.g. through our self-developed,
CUDA-accelerated Image Degradation Application (IDA), by
pre-generating degraded dataset variants [4]. This improves re-
alism but incurs storage overhead, management complexity and
limited runtime flexibility. This gap is particularly problematic
for robustness studies, requiring many optical conditions per im-
age and explicit attribution of predictions to the applied degrada-
tion variant.

We address this missing middle ground by integrating physi-

cally grounded PSF-based image degradation through our novel
CUDA Image Degradation Python Library (CIDPL), derived
from IDA, into the widely used MMDetection framework [8] for
object detection. This enables a unified and efficient platform for
training and evaluating detectors under realistic optical degrada-
tions. Since IDA is our implementation and already serves as a
fundament for SOLAS by Jakab et al. [18, 17], it is the natural
implementation reference for this work. Although demonstrated
in MMDetection, CIDPL is designed to be framework-agnostic
and can be reused in arbitrary PyTorch-based pipelines beyond
object detection. Fig. 1 illustrates the core idea.
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Figure 1: Overview of the proposed CIDPL-based MMDetection pipeline.

Dataset images are combined with multiple PSF variants
within a unified pipeline to run training and inference under dif-
ferent optical conditions and to obtain performance measures per
variant without detouring through offline dataset generation. Im-
portantly, the novelty of this work is not the general ability to de-
grade images realistically on a GPU, but the execution model that
makes physically grounded image degradation operationally vi-
able in large-scale object detection. Effective integration of IDA-
style degradation into MMDetection is not straightforward.

MMDetection expects batched tensor processing inside a
Python-based, GPU-resident pipeline [22, 5], whereas IDA was
originally designed as an offline, file-oriented C++-application
that processes single images at runtime [4]. This mismatch moti-
vates the central novelties of the paper: a direct Python-to-C++
coupling via PyBind11, GPU-resident degradation at the Dat-
aPreprocessor stage to avoid unnecessary CPU-GPU-transfers,
and a structured Super-Batch representation that enables batch-
parallel, multi-variant Test-Time Augmentation (TTA)-analogous
[20] traceable evaluation over many PSF variants while providing
consistent data flow. In addition, the integration exposes opti-
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mization potential beyond the original IDA, whose single-image
execution model is extended toward scalable, high-throughput,
real-time-capable processing. Although the resulting toolchain
can also be used for training, the integration problem addressed
here is centered around evaluation and inference. In this setting,
efficient execution, structured processing of many PSF variants,
and per-variant traceability are the main practical requirements.
To validate the proposed approach, we follow a three-part eval-
uation strategy considering numerical consistency, physical plau-
sibility and practical utility. In summary, this paper makes the
following contributions:

1. CIDPL library: A Python-accessible, CUDA-accelerated
optical degradation library derived from IDA, reusable
within arbitrary PyTorch workflows.

2. Integration strategy: A method for integrating high-
throughput PSF-based degradation into MMDetection
through direct Python-C++-coupling and GPU-resident ten-
sor processing.

3. Super-Batch structure: A traceable representation for
batch-parallel processing of multiple PSF variants.

4. Validation: Numerical agreement with IDA, optical plausi-
bility against KrakenOS [15] Spatial Frequency Response
(SFR) ground truth, effective throughput analysis and
detection-level utility demonstration on KITTI [12] data.

Related Work
Robustness to image degradations is commonly studied us-

ing standardized corruption benchmarks such as ImageNet-C
[14] and their extensions to detection tasks, including COCO-C,
Pascal-C, and Cityscapes-C [21]. More recently, optics-oriented
benchmarks such as OpticsBench and LensCorruptions have em-
phasized the need for lens-realistic degradations beyond generic
synthetic corruptions [24]. In imaging science, physically mean-
ingful blur is often modeled by PSFs derived from optical sim-
ulation or measurement [34]. Ray-tracing based pipelines such
as SOLAS [18, 17], together with optical simulation tooling and
standardized sharpness assessment via ISO 12233 [16], further
highlight the importance of physically grounded image degrada-
tion. However, these approaches are frequently realized as sep-
arate simulation or offline processing workflows rather than be-
ing integrated directly into deep learning pipelines, which com-
plicates their use in large-scale robustness studies.

Theoretical background
In this chapter, the underlying optical degradation model,

MMDetection data-path assumptions, and IDA’s reference offline
execution model are described, establishing the technical system
properties from which the proposed integration design follows.

The optical degradation model
Real camera lenses exhibit field-dependent optical behavior.

Blur characteristics and artifact patterns change across the sensor,
typically becoming more pronounced towards the image periph-
ery. [19, 23] IDA supports space-variant degradation by repre-
senting a lens through a PSF-grid of shape (m× n), i.e. a set of
locally valid, but spatially interpolated kernel patches with a de-
fined pixel resolution, distributed over the image field (Fig. 2) [4].

These kernels are applied to the image through a superpo-
sition approach, whereby each pixel is influenced by a weighted
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Figure 2: Example of a 3×5 PSF-grid with 150 px resolution per side [1].

combination of nearby PSF-kernels [4, 33]. In addition, IDA (and
consequently CIDPL) can operate with channel-specific RGB-
PSF-kernels [4]. This enables the simulation of chromatic effects
such as color fringing induced by chromatic aberrations, along-
side other position- and wavelength-dependent artifacts that can-
not be captured by simplified blur augmentations.

The regular data path of MMDetection
MMDetection provides a modular pipeline for object detec-

tion training and evaluation. In typical configurations, data is pro-
cessed by a sequence of framework components orchestrated by
a Loop, managed within a Runner (Fig. 3). [28]
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Figure 3: Schematic of the MMDetection data flow during evaluation [1].

The DataSet provides sample dictionaries containing im-
age data together with annotations and metadata. After collation
by the DataLoader, the DataPreprocessor converts the batch into
model-ready GPU-memory tensors and associated DetDataSam-
ple (DDS) annotation containers. [1, 28, 11, 2, 5] For the present
work, two properties of this workflow are particularly relevant.

First, MMDetection relies on a defined batch interface be-
tween data loading, preprocessing, model inference, and eval-
uation. Image content is represented as tensors with shape
(N,C,H,W ), where N denotes batch size, C the channel dimen-
sion, and H and W the image’s height and width respectively. [1,
10, 2, 22] Any additional processing step must therefore remain
compatible with this tensor-based batch representation and with
the framework’s metadata flow [1].

Second, the standard execution path is designed around
GPU-resident processing after initial data transfer at the Dat-
aPreprocessor stage [5]. Repeated transfers between host and
device would introduce avoidable overhead and interfere with
throughput-oriented evaluation. For an integrated optical degra-
dation method, this makes preservation of GPU residency a cen-
tral data-path constraint. [1]
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The offline workflow of IDA
In the current IDA workflow, image files are decoded one-

by-one on the CPU and transferred to GPU-memory, where they
are represented as CUDA-Arrays and accessed through CUDA-
Textures during degradation (Fig. 4) [1].
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Figure 4: Offline workflow for applying IDA to an input image [1].

The result is written to a target CUDA-Array via a CUDA-
Surface and then transferred back to host memory for storage as
an output file [1]. This offline approach provides a useful refer-
ence implementation, but its interface and execution model differ
substantially from those of MMDetection.

IDA is focused on explicit per-image file-only process-
ing and external management of degradation variants, whereas
MMDetection expects framework-internal propagation of regular,
non-pertubated batch data. These differences define the baseline
interface and data-flow constraints that must be addressed by an
integrated solution.

Design and Implementation
Guided by the integration requirements, CIDPL real-

izes physically grounded optical degradation as a framework-
integrated, GPU-resident extension of the MMDetection data
path. Fig. 5 summarizes the resulting end-to-end architecture.
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Figure 5: Complete overview of the CIDPL integration architecture.

The key idea is to adapt MMDetection GPU-tensors into a
CUDA-backend-compatible representation first (Preprocessing),
then invoke degradation through a functional interface inside the
DataPreprocessor without detouring through intermediate image
files or CPU memory. The DataPreprocessor is the ideal integra-
tion point for this operation, as it is the last step before model for-
ward execution, but the first step to receive batched input samples
as GPU-resident tensors allowing parallel processing. Resulting
variants are then organized into a traceable, pipeline-compatible
Super-Batch that preserves degradation identity. [1]

Preparing GPU-tensors for the CUDA-side
The first integration step is not the optical degradation it-

self, but the preparation required to make tensor data interpretable
by the CUDA backend. MMDetection provides tensor data of
shape (N,C,H,W ) [10], with each image internally organized
in channel-first order. In contrast, the CUDA backend of IDA
is designed around image objects with memory organization re-
sembling interleaved RGBA storage, similar to the CUDA-Array.
To restore this similarity, each input image is rearranged from
(C,H,W ) into an interleaved (H,W,C) layout and extended to
RGBA format. In addition, the row layout must satisfy pitched-
memory alignment constraints. [1]

Pitched memory enables direct CUDA-side access to cus-
tom, tensor-backed image data instead of default CUDA-Arrays.
Because underlying memory structure of the data is unknown, it
must meet alignment requirements for correct pointer access. For
this reason, the interleaved tensor representation is padded row-
wise where necessary, so that the byte size of each row is a mul-
tiple of the required alignment. [9, 32, 1] Fig. 6 illustrates this
padding step.

GPU-memory (64 byte alignment)

… … …

1. row
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16
b𝑦𝑡𝑒
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Figure 6: Example of data padding for pitched memory alignment. For an

example image width of 6 px and an alignment of 64 bytes, 2 additional pixels

must be padded to each row at float32 precision. [1]

The padded region is purely technical and is not interpreted
as valid image content during degradation. Accordingly, the back-
end must be able to access custom tensor-backed image data di-
rectly. [1] PyBind11 therefore provides the functional and lan-
guage bridge between Python and C++ [26].

Performing inline degradation on GPU tensors
Once the input tensor has been transformed into a

backend-compatible layout, degradation itself is run through the
PyBind11-exposed function degradeImageTensor. This func-
tion is the central integration ingredient of CIDPL, as it exposes
the degradation functionality of the modified IDA to Python and
makes PSF-based degradation invocable inside MMDetection by
a single function call. [1] This design decision is important for
two reasons.

First, it turns the formerly file-oriented degradation process
into a framework-internal operation. Second, it keeps degradation
at the same abstraction level as the rest of the MMDetection pre-
processing pipeline. Degraded results can then be converted into
a Super-Batch representation and forwarded further. Fig. 7 shows
the internal data path for the central function.

The DataPreprocessor passes the prepared tensor through the
PyBind11 bridge into the modified C++ backend. There, the ten-
sor is degraded using the existing CUDA-logic and written back
into a pre-allocated output tensor that remains resident in GPU
memory. [1] Because CUDA-side write access in the established
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Figure 7: Internal data path for the degradeImageTensor function [1].

implementation still relies on the target CUDA-Array and CUDA-
Surface path, and pitched memory write access to surfaces is not
possible [30], the result cannot be written directly into the final
tensor buffer. Instead, the target image is first produced through
the established CUDA-side mechanism and then transferred back
into the tensor representation. This staged write-back preserves
compatibility with the backend logic while still keeping the full
processing chain GPU-resident. [1] The same mechanism also
supports asynchronous execution.

GPU-to-GPU copies and kernel execution are coordinated
through CUDA-Streams, and the stream information originating
from the MMDetection-side execution context is propagated into
the degradation call, enabling batch parallelism. This allows the
integrated pipeline to remain stream-aware, throughput-oriented
and real-time instead of degenerating into a sequence of blocking,
per-image operations. [29, 1] With all aforementioned optimiza-
tions, CIDPL is not merely a wrapper around IDA, but a targeted
adaptation of the original backend to the data-flow, interface, and
throughput requirements identified in the introduction and back-
ground.

The multi-variant Super-Batch structure
Once degradation can be executed, the remaining challenge

is to represent and propagate multiple degraded variants per orig-
inal sample through MMDetection in a structured, traceable and
efficient manner. This is required because robustness evaluation
against optical degradation typically does not target only one PSF-
grid, but a set of grids describing different lens states (e.g. defocus
positions) or degradation conditions. A conventional batch repre-
sentation is not sufficient for this purpose, because it does not
explicitly preserve the relationship between one original sample
and its multiple degraded counterparts. [1]

To address this, CIDPL introduces the Super-Batch as a
structured container for multi-variant sample propagation. Con-
ceptually, the Super-Batch extends the ordinary batch notion by
grouping several degraded realizations of the same input batch
into one higher-level batch object. [31, 1] Fig. 8 illustrates the
resulting data organization.

Let d denote a single degradation variant and D the full set
of degradation variants applied to the batch. For each d ∈ D, one
ordinary batch of size N is formed. A standard batch of N samples

Tensor(C, H, W)Tensor(C, H, W)Tensor(C, H, W)
Tensor(C, H, W)Tensor(C, H, W)Tensor(C, H, W)

D

d1 d2
N

Figure 8: Conceptual view of the Super-Batch.

is not flattened across all variants, but replicated at the batch level.
The Super-Batch then collects these per-variant batches into one
higher-level container. [1] This organization scheme is optimal in
the integrated setting for three reasons.

First, it respects the configured batch size N and therefore
the corresponding GPU-memory budget. The detector still pro-
cesses ordinary batches of size N, rather than a flattened tensor
with effective size D ·N, as an alternative representation would
require. Second, it allows the model to process each degra-
dation variant batch independently, which is important for both
inference-time robustness evaluation and training-time gradient
accumulation. [1] Third, it remains conceptually very close to
the original MMDetection data format, because the representa-
tion is not replaced by a fundamentally new tensor convention,
but repacked into one higher-level object whose inner elements
are still standard MMDetection-style batch dictionaries. An al-
ternatively considered, yet incompatible, five dimensional repre-
sentation of shape (D,N,C,H,W ) deviates too strongly from both
MMDetection and the underlying PyTorch data path. Fig. 9 illus-
trates the Super-Batch representation in the concrete context of
MMDetection.

Super-Batch

[
        {"inputs": (T(…), T(…)),

         "data_samples": (DDS(…), DDS(…))},

         …]

PSF 1

PSF …

N

N

DetDataSample(
        metainfo = {"img_id": ...,
         "img_shape": (H, W),
         "used_impulse_response": "PSF"},
        gt_instances = …)

Figure 9: Super-Batch representation within MMDetection.

Each element of the Super-Batch contains the usual pair of
batched image tensors (T) and corresponding DDS objects. At
the tensor level, the inner inputs entry remains a standard im-
age batch. At the metadata level, the DDS objects are cloned ac-
cordingly and enriched with degradation-specific information. In
particular, the identifier of the applied PSF-grid is written into
metainfo, e.g. through the field used_impulse_response.
Thus, the degradation identity is not only implied by position
inside the Super-Batch, but also stored explicitly in the sample
metadata. This makes the format suitable for later back-tracing
of predictions to both the original sample and the specific degra-
dation variant that produced them. Based on this representation,
following pipeline components can then unpack, forward, evalu-
ate and sort Super-Batch contents in a controlled manner. [1]
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Evaluation procedures and results
This section presents the evaluation procedures along with

their results, verifying the initially claimed optimizations, numer-
ical correctness, optical validity, and practical usability of CIDPL.

Numerical validation against the original IDA
A dedicated integration test is required because CIDPL

does not simply call the original IDA, but adapts the degrada-
tion pipeline for direct use inside MMDetection. Modifications
such as the tensor-based GPU-memory access using tensor lay-
out adaptations and pitched memory could introduce unintended
numerical deviations at system level. An end-to-end comparison
against the original IDA is therefore needed to verify that the in-
tegrated CIDPL reproduces the same degradation behavior under
identical conditions. [1]

For this purpose, degraded output images of CIDPL are com-
pared directly to original IDA degradations for identical input
images and identical PSF-grids. Numerical agreement is quan-
tified by a dataset-level Mean Squared Pixel Error (MSPE) be-
tween both outputs, averaged over 100 test images. Two test sets
containing synthetically generated RGB noise images with reso-
lutions ranging from 640×480 to 1920×1080 are used to capture
variety in image content and resolution. These sets differ in the
file format used, namely compressed JPEG and lossless TIFF, to
examine potential file-format effects on numerical agreement. [1]
Three PSF-grids are used to verify consistency (Fig. 10).

(a) Delta (b) Blurry (c) Variancy
Figure 10: PSF-grids used for the integration test [1].

The Delta grid represents a delta function without opti-
cal degradation and serves as a control case for isolating non-
degradation effects (e.g. library differences). Blurry introduces
uniform blur, while Variancy applies spatially varying blur with
channel-dependent shifts. The latter is used to verify correct han-
dling of the tensor preprocessing stage with channel interleaving.
[1] Resulting MSPE values are summarized in Table 1.

Table 1: MSPEs between CIDPL and IDA for JPEG and TIFF
inputs [1].

Input format / PSF Delta Blurry Variancy

JPEG 5.1791 1.4338 4.5271
TIFF 0.0 0.0 0.0

For TIFF inputs, all variants yield a MSPE of 0.0, demon-
strating perfect agreement between CIDPL and the original IDA,
confirming that the integration does not introduce numerical arti-
facts. JPEG inputs exhibit small deviations, likely caused by lossy
compression and differences in encoding parameterization. The
lowest MSPE occurs for Blurry, which suppresses compression
noise through low-pass filtering, whereas Delta preserves these
differences and therefore yields the highest MSPE. [1]

Optical validation via slanted-edge SFR
Since CIDPL is intended to bring physically realistic degra-

dation into MMDetection, it must be shown that optical behavior
is not only represented qualitatively, but also the corresponding
transfer characteristics. For this reason, optical validation is per-
formed according to ISO 12233 [16] by qualitatively comparing
SFR curves measured from CIDPL-degraded slanted-edge charts
against KrakenOS-simulated ground-truth SFR data for the same
lens and defocus settings. KrakenOS is chosen as a reference be-
cause it is a widely used and validated [17] optical simulation
pipeline with tight Python integration. The comparison is car-
ried out exemplarily for a Laikin Wide 100 Degree lens [3] at
the center field with defocus positions ∆z = 0 µm, +50 µm and
+100 µm. Spatial frequency is normalized by the Nyquist fre-
quency fν . The validation workflow is summarized in Fig. 11.

KrakenOS

Zemax Lens

Ground Truth RGB-SFR

Slanted Edge

CIDPL

RGB-SFR

SFRMAT

Degraded Test Chart

Visualization

PSF

Figure 11: Workflow for optical validation against KrakenOS ground truth.

A slanted-edge test chart with an edge angle of 5.71◦ [16] is
degraded in CIDPL using PSF-grids obtained from the KrakenOS
simulation of the Zemax lens model. The resulting degraded
chart is then evaluated with the SFRMAT library [6] to recover
the RGB-SFR curves (λ = {656nm,588nm,486nm}), which are
compared against the KrakenOS SFRs. Fig. 12 (next page) shows
the resulting SFR curves for all three defocus positions.

The SFR curves show close agreement between CIDPL and
KrakenOS across all three defocus positions. At ∆z = 0 µm,
the curves nearly overlap, while at +50 µm and +100 µm both
methods exhibit the expected monotonic SFR reduction with only
larger deviations at higher normalized frequencies, where CIDPL
retains slightly more contrast in some channels. Overall, the con-
sistent curve shapes and defocus-dependent trends indicate that
CIDPL preserves the relevant optical transfer behavior of the im-
ported PSFs-grids. Thus, CIDPL can be regarded as an optically
credible simulator of PSF-incuded effects, suitable for physically
grounded robustness studies.

Effectiveness of throughput optimizations
The throughput test quantifies whether the optimizations in

CIDPL translate into a practically relevant speedup over IDA and
make physics-based optical degradation suitable for real-time use
in MMDetection. Throughput is measured in Frames Per Sec-
ond (FPS) on 1000 random noise images with the same spatial di-
mensions as in the integration test. Four PSF-grid configurations
are evaluated: (1) 5× 5 152 px, (2) 16× 16 202 px, (3) 37× 37
502 px, and (4) 48× 27 1502 px. They were chosen to span dif-
ferent performance regimes, as small PSFs favor stream-level par-
allelization, whereas large PSFs shift the bottleneck toward raw
GPU compute, making multi-GPU execution more relevant. [1]

The experiments are conducted on a RTX A6000 platform.
Since IDA only supports single-GPU execution, it is evaluated
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Figure 12: Comparison of SFR curves for the Laikin Wide 100 Degree lens at defocus positions ∆z = 0 µm, +50 µm, and +100 µm for CIDPL and KrakenOS.

in this mode only, whereas CIDPL is measured in both scenarios
with batch size 8 [1]. Table 2 reports the achieved FPS values.

Table 2: Throughput results in FPS between IDA and CIDPL.

Pipeline / PSF 1 2 3 4 Mean

IDA 13.37 14.46 8.88 1.69 9.59
CIDPL (1×) 82.31 74.20 19.77 2.60 44.72
CIDPL (2×) 132.19 116.87 36.39 5.09 72.64

Across all tested grid configurations, CIDPL clearly outper-
forms IDA. On average, CIDPL achieves a speedup of approx-
imately 4.7x in single-GPU usage over IDA and approximately
7.6x for the dual-GPU configuration. The per-case trend matches
the expected behavior with smaller PSFs benefitting strongly
from increased parallelism, whereas larger PSFs reducing abso-
lute throughput for all methods, benefitting most from multi-GPU
execution.

Overall, results show that the throughput optimizations are
practically significant. CIDPL moves optical degradation from
an offline preprocessing bottleneck toward direct in-pipeline use.
Since IDA requires additional transfer and dataset preparation
steps before usage in MMDetection, practical benefits of the inte-
gration increase speedup even beyond the shown improvements.

Verifying detection-level effectivity
To assess whether CIDPL is useful beyond system-level in-

tegration, we exemplarily conducted fully automated and repro-
ducible detection studies on KITTI [12]. Firstly, training and val-
idating Faster R-CNN [27] across different defocus levels took
roughly 10 hours runtime on dual RTX A6000, giving quick and
relevant insights for safety-oriented perception research (Tab 3).

Table 3: Test mAP across trained Laikin defocus variants (µm).

Test / Train Base -20 -10 0 10 20

Base 0.55 0.59 0.58 0.58 0.55 0.56
-20 0.53 0.60 0.59 0.59 0.57 0.58
-10 0.53 0.60 0.59 0.59 0.57 0.58
0 0.52 0.59 0.59 0.59 0.57 0.58

10 0.52 0.59 0.59 0.59 0.57 0.58
20 0.50 0.59 0.59 0.58 0.56 0.57

A detector trained only on baseline imagery (Base) achieves
best performance on the baseline domain (0.55 mAP), but drops
significantly under defocus mismatch. In contrast, detectors
trained on the defocus variants reach consistently higher and more
stable performance across all evaluation domains. Importantly,

degraded-data training even exceeds the baseline-trained detector
on clean baseline data. The second study in Fig. 13 shows the
same trend for both Faster R-CNN and Align-DETR [7].

100 80 60 40 20 0 20 40 60 80 100
Defocus z in m
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0.1
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0.6

m
AP

Align-DETR (Baseline trained)
Align-DETR (Baseline + all defocus levels trained)
Faster R-CNN (Baseline trained)
Faster R-CNN (Baseline + all defocus levels trained)

Figure 13: Laikin defocus sweeps of Faster R-CNN and Align-DETR.

Joint training with defocus variants strongly lifts mAP across
a wide defocus interval instead of improving only a narrow oper-
ating point. These results show that CIDPL enables practical ro-
bustness studies and helps identify training strategies that reduce
optics-induced safety-critical performance loss.

Discussion and conclusion
This paper presented CIDPL, the first practical solution for

real-time, PSF-based optical degradation in MMDetection. Com-
bining PyBind11, GPU-resident tensor processing, and the trace-
able Super-Batch representation, CIDPL turns a previously of-
fline optics workflow into a reusable, high-throughput framework
component. Results show that the presented integration strategy
preserves numerical correctness and optical credibility while en-
abling detector-level robustness studies under controlled optical
conditions. Importantly, the achieved throughput is above 100
FPS, rendering the degradation process negligible compared to
training or inference speeds (on the order of 5 FPS).

Defocus-based training and evaluation reveal robustness
trends that are difficult to study in conventional offline workflows,
including improved cross-domain stability and, in some cases,
gains over baseline-only training. CIDPL therefore establishes a
foundation for integrating physically realistic optical effects into
routine deep-learning workflows beyond heuristic augmentation
or prefabricated datasets.

The study remains limited to one lens family, selected de-
focus settings, and a restricted set of models and datasets. Future
work should extend the analysis to broader lens classes, additional
model architectures, and more diverse evaluation scenarios.
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