
A Lagrangian View of Trading Pixels for Parameters
Kabir Murjani
Nirma University
Ahmedabad, India

23bee064@nirmauni.ac.in

Aum Joshi
Nirma University
Ahmedabad, India

23bee015@nirmauni.ac.in

Kuntal Bhattacharjee
Nirma University
Ahmedabad, India

kuntal.bhattacharjee@nirmauni.ac.in

Abstract
Computational constraints couple the selection of image prepro-
cessing and object detectors.This study formulates their joint selec-
tion as a resource allocation problem in which detection accuracy
is maximized subject to an inference budget. A Lagrangian relax-
ation characterizes the marginal returns associated with prepro-
cessing and detector computation, including the conditions gov-
erning interior and boundary allocations. The formulation also de-
fines a substitution hypothesis under which the accuracy incre-
ment from a fixed transformation decreases with detector capac-
ity. An underwater detection study examines this increment us-
ing classical image compensation and detectors from the You Only
Look Once (YOLO) family, trained separately on raw and com-
pensated images. Compensation improves validation mean aver-
age precision across the evaluated configurations, with decreasing
gains under several checkpoint and training trajectory summaries.
The accompanying precision and recall changes vary across con-
figurations. The analysis identifies the measurements required to
assess preprocessing within a constrained deployment decision.

CCS Concepts
•Computingmethodologies→Neural networks; Control meth-
ods; Object detection; •Theory of computation→Mathematical
optimization.
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1 Introduction
Allocating computation between image preprocessing and object
detection is a joint design problem. Each component incurs an
inference cost, and the accuracy obtained from either component
depends on the other. Increasing detector size or input resolution
can improve recognition, but consumes resources that might
otherwise support an input transformation. Model scaling stud-
ies demonstrate the importance of coordinating computational
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choices across network depth, width and resolution [1]. When
preprocessing is included, the corresponding design objective
is detection accuracy under a budget on the complete inference
pipeline.

Underwater perception provides a setting in which this alloca-
tion is particularly relevant. Wavelength-dependent attenuation
and backscatter alter color, contrast and the visibility of object
boundaries [2, 3]. Color correction, local contrast adjustment and
filtering can modify these features before detection. Their compu-
tational requirements are additional to those of the detector, while
their effects depend on the information preserved in the recorded
image. A useful preprocessing decision must therefore account for
both its detection benefit and the resources required to obtain that
benefit.

Prior studies establish that improved visual appearance is insuf-
ficient to predict improved recognition. Sun et al. [4] show that con-
ventional restoration can provide limited or adverse benefits for
detection and investigate restoration training guided by the down-
stream objective. In underwater detection, Wang et al. [5] evalu-
ate several enhancement methods across multiple detectors and
report performance losses associated with changes in image con-
tent and background interference. These findings motivate evalua-
tion of the transformation together with the detector trained on its
outputs. They also indicate that preprocessing value is conditional
on the task, data and detection procedure.

From an optimization perspective, this dependence makes the
accuracy increment from preprocessing a property of the joint allo-
cation. A positive increment must be considered alongside its com-
putational cost and the accuracy available from competing detec-
tor configurations. Classical resource allocation theory expresses
this comparison through a budget constraint and its Lagrange mul-
tiplier [6, 7]. For a differentiable relaxation, an interior optimum
equalizes marginal returns per unit expenditure. Boundary alloca-
tions and discrete architecture choices require corresponding in-
equality conditions or finite comparisons, which are developed in
the supplementary analysis.

The paired representation in Figure 1 places a static feedforward
compensator before a detector trained for the corresponding input
transformation [8]. Detectors are trained separately on raw and
transformed inputs, so the measured increment includes adapta-
tion to each input representation. A substitution hypothesis spec-
ifies that this increment decreases as detector capacity increases
within a controlled family. The hypothesis requires an assump-
tion about the interaction between preprocessing and capacity, for-
malized through a decreasing-differences condition.This separates
the mathematical conditions for substitution from an ordering ob-
served across particular trained configurations.

The empirical study examines a fixed classical compensator
with nano variants of the You Only Look Once (YOLO) family [9].
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Trained on raw

Trained on compensated

𝑐pre(𝜙) + 𝑐net(𝜃) ≤ 𝐵

Figure 1: The allocation framework compares separately trained baseline and compensated detectors while accounting for
both preprocessing and detector cost. The six colored tiles represent the stages of Algorithm 1. Image and network symbols
are schematic.

Each baseline and compensated pair shares images, annotations,
split assignments and training settings. Validation gains are
positive across the evaluated configurations and decrease in re-
lease order under several checkpoint and trajectory summaries.
Architecture and training differences restrict this ordering to
a configuration comparison, while the single-seed design and
validation reuse limit its statistical interpretation. The study
contributes a joint allocation formulation, an explicit account of
the assumptions governing substitution, and a paired analysis
of compensation gains. The available results characterize valida-
tion accuracy, with independent test performance and complete
inference cost remaining outside the measured scope.

2 Related Work
The formulation draws on resource allocation theory and empirical
studies of image enhancement for recognition. The relevant litera-
ture concerns marginal returns, model scaling and the dependence
of detection accuracy on preprocessing.

2.1 Resource allocation
Classical allocation theory relates constrained optima to marginal
returns per unit cost [6, 7]. For discrete decisions, diminishing re-
turns can be expressed through submodular set functions [10].The
present formulation uses continuous and discrete allocation mod-
els to specify the accuracy and cost comparisons required for pre-
processing selection. Establishing submodularitywould require ad-
ditional assumptions on the joint objective.

Scaling studies examine performance as model and data sizes
change [11, 12]. Architecture studies characterize accuracy–
computation relationships [1, 13, 14]. Release order alone supplies
no quantitative capacity measure. A controlled capacity compari-
son therefore requires a common training procedure and explicit
measurements of parameter counts, floating-point operations and
deployment latency.

2.2 Enhancement for recognition
Pei et al. [15] investigate haze removal before classification. Sun
et al. [4] examine the limitations of restoration objectives for
detection and introduce restoration training directed toward the
downstream task. These studies support evaluating preprocessing
through detection accuracy, since perceptual quality and task
performance can respond differently to the same transformation.

Wang et al. [5] compare eighteen underwater enhancement
methods with seven detectors, covering both classical and learned
enhancement. Their experiments establish prior evaluation of
enhancement–detector interactions. The present study considers
one fixed transformation across detector configurations and in-
terprets the resulting differences through a resource allocation
model.

2.3 Underwater image processing
Underwater images exhibit wavelength-dependent attenuation
and backscatter [2, 3]. Classical correction methods include gray-
world and shades-of-gray approaches [16, 17], color balance and
fusion [18, 19], and restoration using transmission estimates or
channel priors [20–22]. Adaptive histogram equalization, contrast
limitation and bilateral filtering provide established operators for
local contrast adjustment and smoothing [23–25].

Learned enhancement methods include convolutional and ad-
versarial models [26–29]. A classical pipeline permits fixed prepro-
cessing settings across the detector configurations considered here.
Comparisons with learned alternatives require evaluation of both
detection accuracy and complete inference cost.

3 Problem Formulation
Theallocationmodel treats preprocessing and detection as coupled
uses of a computational budget. The image formation model moti-
vates the transformation, while the objective measures its contri-
bution through the performance of a detector trained on the trans-
formed inputs.
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3.1 Image formation
Let 𝑥0 denote the radiance that would reach the sensor in clear
water and 𝑥 the recorded frame. For red, green and blue (RGB)
channels indexed by 𝑘 ∈ {𝑅, 𝐺, 𝐵}, a simplified formation model is

𝑥𝑘(𝑢) = 𝑥0,𝑘(𝑢)𝑒−𝛽𝑘𝑧(𝑢) + 𝐵∞𝑘 (1 − 𝑒−𝛽𝑘𝑧(𝑢)), (1)
where 𝑢 indexes pixels, 𝑧(𝑢) is distance along the viewing ray, 𝛽𝑘
is an attenuation coefficient and 𝐵∞𝑘 is asymptotic backscatter [19–
21]. Attenuation and the distance-dependent offset motivate color
and contrast correction. Recovery of the original radiance remains
limited by noise, quantization and the identifiability of the forma-
tion parameters.

3.2 Constrained allocation
Let 𝑇𝜙 ∶ 𝒳 → 𝒳 be a static compensator on the image space 𝒳
and 𝑓𝜃 a trained detector. For an evaluation set 𝒮 of images 𝑥 and
annotations 𝑦 , define

𝑈𝒮(𝜃, 𝜙) = mAP50–95(𝒫𝒮(𝜃, 𝜙)),
𝒫𝒮(𝜃, 𝜙) = {(𝑓𝜃 (𝑇𝜙(𝑥)), 𝑦) ∶ (𝑥, 𝑦) ∈ 𝒮}. (2)

Mean average precision (mAP) averages classwise average preci-
sion (AP). Here mAP50–95 also averages over intersection-over-
union (IoU) thresholds from 0.50 to 0.95 in increments of 0.05. IoU
is the intersection area divided by the union area of predicted and
reference boxes. AP is computed from ranked detections across the
evaluation set.

Let 𝑈 (𝜃, 𝜙) = 𝔼𝒮[𝑈𝒮(𝜃, 𝜙)] for evaluation sets drawn under a
fixed sampling protocol from the target distribution. Let 𝑐net(𝜃) and
𝑐pre(𝜙) denote detector and preprocessing costs in common units.
For serial execution under budget 𝐵, the allocation problem is

max
𝜙∈Φ, 𝜃∈Θ(𝜙)

𝑈 (𝜃, 𝜙)

subject to 𝑐net(𝜃) + 𝑐pre(𝜙) ≤ 𝐵.
(3)

The set Φ contains candidate transformations, and Θ(𝜙) contains
detectors trained for transformation 𝜙. The allocation is made
over trained systems. If cost represents latency, the measure-
ment boundary must include input preparation, device transfers
and postprocessing. End-to-end timing is required to assess the
additive approximation.

For a continuous relaxation, let 𝑝 and 𝑛 denote preprocessing
and detector expenditure, and let 𝐹(𝑝, 𝑛) be a differentiable utility
model. The Lagrangian associated with this budget constraint is

ℒ(𝑝, 𝑛, 𝜆) = 𝐹(𝑝, 𝑛) − 𝜆(𝑝 + 𝑛 − 𝐵), 𝜆 ≥ 0. (4)
At an interior allocation with an active budget, stationarity
yields [6, 7]

𝜕𝐹
𝜕𝑝 = 𝜕𝐹

𝜕𝑛 = 𝜆. (5)

Appendix A derives the corresponding boundary conditions and
sufficiency under concavity. Appendix A.2 treats discrete alterna-
tives. Empirical average precision requires separate treatment.The
experiments below measure accuracy differences without estimat-
ing 𝐹 , its derivatives or an optimal budget allocation.

3.3 Marginal value
Let 𝑇𝜙0 be the identity transformation with zero additional prepro-
cessing cost. For a controlled detector family indexed by capacity
𝜅, define

𝑉 (𝜅) = 𝑈 ( ̂𝜃(𝜅, 𝜙), 𝜙)
− 𝑈 ( ̂𝜃(𝜅, 𝜙0), 𝜙0),

(6)

where ̂𝜃 is the output of a specified training and checkpoint-
selection procedure. Both detectors are trained on their respective
input representations. Across capacities, the training protocol
is held fixed, with repeated runs required to quantify training
variability.

The substitution hypothesis imposes decreasing compensation
gains,

𝜅′ > 𝜅 ⟹ 𝑉(𝜅′) ≤ 𝑉 (𝜅). (7)
Appendix B gives a sufficient condition for this ordering in a
smooth model. An empirical test requires a controlled capacity
axis. Compensation can alter useful information and interact with
architecture or training, so the inequality is an additional hypoth-
esis. A deployment preference further depends on the accuracy
and costs of the competing systems.

In the case study, 𝑔 ∈ {1, 2, 3} indexes the YOLOv5n, YOLOv8n
and YOLO11n configurations, including their training procedures.
The quantity Δval(𝑔) denotes the observed compensated-minus-
baseline validation difference. Release order determines 𝑔, while
capacity remains unmeasured.

3.4 Fixed compensation
The settings 𝜙 are selected before detector training and held con-
stant across images and configurations. The compensator receives
no detector feedback, consistent with a static feedforward config-
uration [8]. This restriction defines the empirical comparison and
permits the same transformation to be evaluated with successive
detector configurations. Jointly trained or adaptive transforma-
tions constitute additional alternatives in Equation (3) and require
their own accuracy and cost measurements.

4 Compensation Method
The transformation consists of six classical operations applied of-
fline to every image.The first five operate on individual color chan-
nels, and the last filters the merged image. Algorithm 1 specifies
the reported procedure. The parameter selection is described in
Section 4.2.

4.1 Operators
Red channel compensation adds the difference between the global
green and red means,

𝑥′𝑅 = clip(𝑥𝑅 + (𝑥𝐺 − 𝑥𝑅), 0, 255). (8)
The overbar denotes the spatial mean. This global correction dif-
fers from the local green-dependent compensation used in fusion-
based enhancement [19].
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Algorithm 1 The six-stage compensator 𝑇𝜙
Require: frame of height 𝐻 and width 𝑊 , 𝑥 ∈ {0, … , 255}𝐻×𝑊×3
Require: 𝜙 = (𝑐clip, 𝐺, 𝛼, 𝐷, 𝜎𝑐 , 𝜎𝑠)

= (2.0, 10 × 10, 0.3, 5, 75, 75)
Ensure: compensated frame 𝑥̃
1: (𝑥𝑅 , 𝑥𝐺 , 𝑥𝐵) ← Split(𝑥)
2: 𝑥𝑅 ← Clip(𝑥𝑅 + (𝑥𝐺 − 𝑥𝑅), 0, 255)
3: ̄𝜇 ← 1

3 (𝑥𝑅 + 𝑥𝐺 + 𝑥𝐵)
4: for all 𝑘 ∈ {𝑅, 𝐺, 𝐵} do
5: 𝑥𝑘 ← Clip(𝑥𝑘 ⋅ ̄𝜇/𝑥𝑘 , 0, 255)
6: end for
7: for all 𝑘 ∈ {𝑅, 𝐺, 𝐵} do
8: 𝑥𝑘 ← CLAHE(𝑥𝑘 ; 𝑐clip, 𝐺)
9: 𝑥𝑘 ← Clip(𝑥𝑘 − 𝛼∇2𝑥𝑘 , 0, 255)

10: if max(𝑥𝑘) > min(𝑥𝑘) then
11: 𝑥𝑘 ← 255 ⋅ 𝑥𝑘 −min(𝑥𝑘)

max(𝑥𝑘) −min(𝑥𝑘)
12: end if
13: end for
14: 𝑥̃ ← Bilateral(Merge(𝑥𝑅 , 𝑥𝐺 , 𝑥𝐵); 𝐷, 𝜎𝑐 , 𝜎𝑠)
15: return 𝑥̃

Gray-world white balance rescales each channel toward the
mean of the channel means [16],

𝑥′𝑘 = clip (𝑥𝑘
̄𝜇

𝑥𝑘
, 0, 255) , ̄𝜇 = 1

3 ∑𝑘
𝑥𝑘 . (9)

Clipping can prevent exact equality of the resulting means. The
formula assumes a positive channel mean.The available implemen-
tation record does not specify the treatment of zero means or the
numerical precision.

Contrast-limited adaptive histogram equalization (CLAHE) [23,
24] is applied independently to each channel, using clip limit 𝑐clip =
2.0 and tile grid 𝐺 = 10 × 10. Laplacian sharpening then gives

𝑥′𝑘 = clip(𝑥𝑘 − 𝛼∇2𝑥𝑘 , 0, 255), 𝛼 = 0.3, (10)
with the Laplacian evaluated in floating point before clipping. Con-
trast stretching rescales each nonconstant channel according to

𝑥′𝑘 = 255 𝑥𝑘 −min(𝑥𝑘)
max(𝑥𝑘) −min(𝑥𝑘)

. (11)

Constant channels are passed through unchanged. Bilateral filter-
ing [25] is applied to themerged imagewith kernel diameter𝐷 = 5
and color and spatial standard deviations 𝜎𝑐 = 𝜎𝑠 = 75.

The complete operator is
𝑇𝜙 = 𝑆𝐷,𝜎𝑐 ,𝜎𝑠 ∘ 𝒞[𝑁 ∘ 𝐿𝛼 ∘ 𝐸𝑐clip ,𝐺] ∘ 𝑊 ∘ 𝐶, (12)

where 𝐶 denotes red compensation,𝑊 gray-world balance, 𝐸 local
equalization, 𝐿 sharpening, 𝑁 stretching and 𝑆 bilateral filtering.
For a scalar-channel operator 𝑄, 𝒞[𝑄] applies 𝑄 independently to
the three channels.

Interactions between the stages affect the complete transforma-
tion. Gray-world balance rescales the red channel after mean com-
pensation, while local equalization and stretching can alter chro-
matic relationships. Sharpening and filtering also affect common
image boundaries. The experiment evaluates the complete compo-
sition. Attributing contributions to individual stages requires con-
trolled ablations. Figure 2 illustrates the resulting appearance and

intensity distributions. Appendix H provides additional examples
for tub and gate scenes.

4.2 Parameter selection
The parameter vector 𝜙 = (𝑐clip, 𝐺, 𝛼, 𝐷, 𝜎𝑐 , 𝜎𝑠) is fixed at
(2.0, 10 × 10, 0.3, 5, 75, 75). Selection used visual and histogram
inspection. The CLAHE grid specifies ten tiles along each axis.
Increasing the number of tiles decreases their spatial extent. The
sharpening weight was compared with 0.1 and 0.5, and the fil-
ter diameter with 9 and 15. Appendix E records the parameter
comparisons used during selection. Detection-based parameter
optimization and stage ablations were outside the experimental
design.

5 Experimental Setup
The study compares raw and compensated inputs within each de-
tector configuration. Shared image identities, annotations and split
assignments define the paired design. Each comparison estimates
the effect of the complete transformation under one training pro-
cedure, with validation accuracy as the observed outcome.

5.1 Dataset
The underwater collection was created and annotated using
Roboflow. It contains eight classes relevant to underwater robotic
tasks, comprising flare, gate, red tub, blue tub, red pole, yellow pole,
blue pole and sea-floor objects. Several classes are distinguished
by color, which makes the collection suitable for examining color
and contrast transformations. Its application-specific composition
limits generalization to other environments and object categories.

The collection contains approximately 800 images with re-
ported training, validation and test proportions of 70%, 20% and
10%, corresponding to approximately 560, 160 and 80 images.
Dataset versioning preserves the reported split assignments. Ex-
act counts, split manifests and separation of related frames are not
documented in the available dataset record. Figure 3 summarizes
the paired experimental design.

All reported detection results use the validation split, which
also determines checkpoint selection. The nominal test split has
not been evaluated for these comparisons. Consequently, selection
bias can affect both the reported accuracies and their differences.

5.2 Detector training
The evaluated models are YOLOv5n [30], YOLOv8n [31] and
YOLO11n [32], where the suffix n denotes the nano variant.
Initialization uses weights pretrained on Common Objects in
Context (COCO) [33]. The models share a size designation, but
their parameter counts, operation counts and latency have not
been matched.

Each run uses 640×640 inputs, batch size 16, random seed 0 and
at most 100 epochs. The selected checkpoint maximizes validation
mAP50–95 within the run. Early-stopping patience is 20 epochs for
YOLOv5n and YOLOv8n. The available YOLO11n descriptions re-
port inconsistent patience values of 20 and 30, leaving the stopping
setting uncertain. The paired trajectory horizons are 100, 83 and
100 epochs, respectively.
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Figure 2: A sea-floor object frame before processing, after the five per-channel stages and after bilateral filtering, shown from
left to right with RGB histograms below.
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Compensated
𝑇𝜙(𝑥)

YOLOv5n
𝑔 = 1
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6 runs with settings matched within each pair

Checkpoint gain
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̄𝛿 (𝑔), 𝑤(𝑔)

Figure 3: The measurement design compares raw and com-
pensated versions of the same dataset across three detector
and training configurations, with training settings matched
within each pair.

Each baseline and compensated pair uses matched training
settings. All detector configurations include mosaic augmentation
during training. It is disabled during the final ten epochs for
YOLOv8n and YOLO11n. YOLOv5n uses its reported default set-
tings and an initial learning rate of 0.01. YOLOv8n uses adaptive
moment estimation with decoupled weight decay (AdamW) [34],
an initial learning rate of 0.001 and cosine decay. YOLO11n uses
automatic optimizer selection, an initial learning rate of 0.01
and cosine decay. Appendix D gives the augmentation settings.
Architecture, optimization and augmentation vary across con-
figurations, preventing attribution of the observed ordering to
capacity alone.

5.3 Computing environment
Training used NVIDIA T4 graphics processing units (GPUs) in
Google Colab. The reported inference system contained eight
gigabytes of fourth-generation double data rate (DDR4) random-
access memory (RAM) and an NVIDIA GeForce GTX 1650 GPU
with four gigabytes of sixth-generation graphics double data
rate (GDDR6) memory. Unavailable software versions and in-
complete implementation records restrict reproduction of the
complete pipeline. The code will be made publicly available at
https://github.com/Kcbir/pixels before submission.

5.4 Evaluation metrics
The primary comparison uses validation mAP50–95 at each run’s
selected checkpoint. Additional metrics are mAP50, defined at IoU
threshold 0.50, and framework-reported precision and recall. The
scalar operating confidence thresholds are undocumented. Appen-
dix G includes precision–recall and confidence curves.The F1 score
is the harmonic mean of precision and recall. Framework figures
use enhanced for compensated inputs.

Three additional summaries characterize the validation histo-
ries. These are the difference between means over each run’s fi-
nal ten epochs, the difference between means over each run’s five
highest values, and the mean difference at matched epochs. These
quantities describe distinct features of the recorded histories and
remain subject to validation reuse and training variability [35, 36].

For compensated and baseline validation values𝑚enh𝑡 and𝑚base𝑡 ,
respectively, define

̄𝛿 = 1
𝑇

𝑇
∑
𝑡=1

(𝑚enh𝑡 − 𝑚base𝑡 ),

𝑤 = 1
𝑇

𝑇
∑
𝑡=1

1[𝑚enh𝑡 > 𝑚base𝑡 ].
(13)

Here 𝑇 is the smaller completed epoch count and 1 is the indicator
function. The mean ̄𝛿 depends on the training horizon, while 𝑤 is
the fraction of shared epochs with positive differences. The shared
training history and validation images induce dependence across

https://github.com/Kcbir/pixels
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Table 1: Baseline and compensated validation accuracy at
each run’s best validationmAP50–95 checkpoint, with check-
point selection and reporting using the same split.

Model Data mAP50 mAP50–95 P R

YOLOv5n baseline 0.541 0.361 0.878 0.455
YOLOv5n compensated 0.810 0.582 0.710 0.802
Δval(1) +0.269 +0.221 −0.168 +0.347
YOLOv8n baseline 0.691 0.471 0.647 0.707
YOLOv8n compensated 0.869 0.616 0.839 0.861
Δval(2) +0.178 +0.145 +0.192 +0.154
YOLO11n baseline 0.750 0.617 0.683 0.759
YOLO11n compensated 0.839 0.646 0.813 0.837
Δval(3) +0.089 +0.029 +0.130 +0.078

Table 2: Compensated-minus-baseline validation mAP50–95
differences under best-checkpoint, final-10, top-5 and
matched-epoch summaries, with the fraction of shared
epochs ahead shown as 𝑤 .

Δ mAP50–95 by rule
Model best final-10 top-5 ̄𝛿 (𝑤)
YOLOv5n +0.221 +0.231 +0.223 +0.216 (99/100)
YOLOv8n +0.145 +0.165 +0.151 +0.170 (82/83)
YOLO11n +0.029 +0.083 +0.041 +0.119 (100/100)

epochs. These summaries therefore provide no independent repli-
cation or estimate of uncertainty across seeds. Appendix C makes
this distinction explicit.

5.5 Independent evaluation
A confirmatory study requires checkpoint selection by validation
performance followed by evaluation on an independent test set.
Preprocessing, checkpoints and evaluation settings must be fixed
before test inspection. Both members of a pair should use identical
test images, with documented separation of related frames. Repe-
tition across independent seeds would permit paired uncertainty
estimates that account for the experimental sampling units. This
protocol specifies the evaluation needed beyond the present retro-
spective analysis.

6 Results
Table 1 reports the selected-checkpoint validation results. Compen-
sation increases mAP50–95 by 0.221, 0.145 and 0.029 for YOLOv5n,
YOLOv8n and YOLO11n, respectively. The corresponding mAP50
increases are 0.269, 0.178 and 0.089. Both sequences decrease in
release order. Each row represents one seed-0 run, and Δ denotes
the within-configuration difference. The columns P and R denote
precision and recall.

6.1 Summary sensitivity
Table 2 compares the four validation summaries. The YOLO11n
baseline reaches 0.617 at epoch 88 and ends at 0.537. Its reported
final-25-epoch mean is 0.556, compared with 0.626 for the compen-
sated run.The selected-checkpoint difference is 0.029, the final-ten-
epoch difference is 0.083 and the matched-epoch mean difference
is 0.119. These values refer to distinct estimands, so their range
cannot be interpreted as an uncertainty interval.

YOLOv5n YOLOv8n YOLO11n
Detector–recipe configuration
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Figure 4: Validation gains decrease across detector and
training configurations in release order under both best-
checkpoint and final-ten-epoch summaries.

Positive differences occur at 99 of 100, 82 of 83 and 100 of 100
shared epochs (Figure 5). Compensation gains therefore extend be-
yond the selected checkpoints in the recorded histories. Their per-
sistence remains conditional on the seed, validation sample and
training procedure. Appendix F provides the complete recorded
validation trajectories.

The decreasing order is preserved across all four summaries. For
the matched-epoch means, the ratio of the YOLO11n gain to the
YOLOv5n gain is 0.119/0.216 ≈ 0.55. Its interpretation is restricted
to the observed validation histories because detector capacity and
inference costs were not measured.

6.2 Precision and recall
For YOLOv5n, compensation increases reported recall from 0.455
to 0.802 and decreases precision from 0.878 to 0.710. The result in-
dicates a change in the reported operating behavior toward higher
recall and lower precision. Undocumented confidence thresholds
prevent attributing this change to a specific alteration in the detec-
tion mechanism.

Both metrics increase for YOLOv8n and YOLO11n. Their preci-
sion gains are 0.192 and 0.130, and their recall gains are 0.154 and
0.078, respectively. Figure 6 shows their evolution during training.
The supplementary confusion matrices and confidence curves pro-
vide further descriptive information. Evaluation at common thresh-
olds and verified predictions on paired frames would be required
to distinguish changes in localization, classification and confidence
calibration.

6.3 Computational cost
The complete preprocessing pipeline was applied offline. Its infer-
ence latency and the end-to-end cost of the compensated system
were not measured. The available detector timings exclude com-
pensation and lack a reproducible protocol. The reported measure-
ments consequently leave the feasibility constraint in Equation (3)
unevaluated.

A deployment comparison requires the original implementation
on specified target hardware, with software versions, numerical
precision, thread count, resolution and batch size documented.
The timing boundary should state the inclusion of decoding,
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Figure 6: Validation precision (top) and recall (bottom) across training for baseline and compensated runs of each detector and
training configuration.

resizing, device transfers and nonmaximum suppression. Warm-
up, repeated synchronized measurements, and central and tail
latency summaries are required where applicable. Identical timing
boundaries for baseline and compensated paths are necessary to
estimate the additional cost of compensation.

6.4 Result Discussion
Thevalidation results indicate that the contribution of a fixed trans-
formation depends on the detector configuration. The common or-
dering across checkpoint and trajectory summaries supports fur-
ther study of this dependence under controlled experimental con-
ditions. The variation in precision and recall also indicates that
compensation can alter several aspects of reported detection per-
formance.

Within the allocation model, a deployment decision depends on
both the accuracy increment and its associated computational cost.
For feasible alternatives, the Lagrangian comparison subtracts the

additional cost, weighted by the budget multiplier, from the ac-
curacy gain. An allocation preference therefore requires a mea-
sured accuracy–cost comparison. Preprocessing expenditure also
reduces the budget available for detector computation.

The current experiment evaluates the accuracy component of
this comparison on a validation sample. Its architecture and train-
ing differences prevent identification of a capacity effect, while
missing latency measurements prevent estimation of the cost
penalty. A controlled family of detectors, independent test evalu-
ation and complete pipeline timing would connect the observed
differences to the theoretical allocation conditions. Such mea-
surements would permit an empirical assessment of substitution
across computational budgets.

7 Limitations and Future Work
The study is limited to a small underwater dataset and one training
seed per configuration. Checkpoint selection and reporting share



ICVGIP2026, December 21–24, 2026, Kolkata, India Murjani et al.

the validation split, introducing selection bias. Architecture and
training settings vary jointly, preventing isolation of detector ca-
pacity. Correlated epochs and unequal training horizons restrict
interpretation of trajectory summaries.The complete compensator
is evaluated without stage ablations or comparisons with learned
enhancement. Preprocessing latency and total inference cost re-
main unmeasured. Reproducibility also requires verified split man-
ifests, software versions, operating thresholds and resolution of
the inconsistent stopping parameter. Future work should prioritize
independent test evaluation, repeated training and synchronized
pipeline timing. A controlled size sweepwithin one detector family
would test the substitution hypothesis. Stage ablations and compar-
isons with adaptive transformations would clarify the source and
cost of the observed gains. Additional datasets and imaging condi-
tions are required to assess transferability and support allocation
decisions under deployment constraints with specified computa-
tional budgets.

8 Conclusion
This study formulates the joint selection of image preprocessing
and object detectors as a constrained resource allocation prob-
lem. A Lagrangian relaxation relates interior allocations to equal
marginal returns, while supplementary derivations character-
ize boundary solutions, discrete alternatives and conditions for
decreasing compensation gains. The underwater case study eval-
uates a fixed classical transformation with three YOLO detector
configurations. Compensation improves validation mean average
precision in every configuration, with gains decreasing in release
order across checkpoint and trajectory summaries. Precision
and recall responses vary, indicating that preprocessing affects
multiple aspects of detection performance. These findings remain
conditional on the dataset, training procedures and validation
protocol. Architecture differences and validation reuse prevent
establishing a general capacity relationship, while unmeasured
inference costs preclude deployment recommendations. Inde-
pendent test evaluation, repeated training, controlled capacity
comparisons and complete pipeline timing are required to con-
nect the observed accuracy gains to allocation decisions under
specified computational budgets for underwater perception.
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Supplementary Material
A Allocation Analysis
This section derives the continuous optimality conditions and the
finite-candidate comparison associated with Equation (3). The as-
sumptions are stated for each model. The experimental results pro-
vide no estimate of the utility surface or deployment costs used in
these derivations.

A.1 Continuous optimality conditions
Let 𝐹 be continuously differentiable on a neighborhood of the fea-
sible set

𝒟𝐵 = {(𝑝, 𝑛) ∶ 𝑝 ≥ 0, 𝑛 ≥ 0, 𝑝 + 𝑛 ≤ 𝐵}, 𝐵 > 0. (14)
A maximum exists by compactness and continuity. The nonneg-
ativity constraints must be included when considering boundary
allocations. With multipliers 𝜆, 𝜇𝑝 , 𝜇𝑛 ≥ 0, the full Lagrangian for
maximization is

ℒ = 𝐹(𝑝, 𝑛) − 𝜆(𝑝 + 𝑛 − 𝐵) + 𝜇𝑝𝑝 + 𝜇𝑛𝑛. (15)
The affine constraints admit a strictly feasible point. At an opti-
mum the Karush–Kuhn–Tucker (KKT) conditions give [7]

𝐹𝑝 − 𝜆 + 𝜇𝑝 = 0, 𝐹𝑛 − 𝜆 + 𝜇𝑛 = 0,
𝜆(𝑝 + 𝑛 − 𝐵) = 0, 𝜇𝑝𝑝 = 𝜇𝑛𝑛 = 0, (16)

together with primal and dual feasibility. Subscripts on 𝐹 denote
partial derivatives. If 𝑝, 𝑛 > 0, complementary slackness yields
𝜇𝑝 = 𝜇𝑛 = 0 and hence 𝐹𝑝 = 𝐹𝑛 = 𝜆. If 𝑝 = 0 and 𝑛 > 0, the
conditions instead yield 𝐹𝑝 ≤ 𝜆 = 𝐹𝑛 . An infinitesimal transfer
from detection to preprocessing then has nonpositive first-order
return. The symmetric inequality applies when 𝑛 = 0. An inactive
budget constraint implies a zero multiplier, 𝜆 = 0.

For concave 𝐹 , these conditions are sufficient. Let 𝑧∗ = (𝑝∗, 𝑛∗)
satisfy them and let 𝑧 = (𝑝, 𝑛) be feasible. The supporting hyper-
plane inequality gives

𝐹(𝑧) − 𝐹(𝑧∗) ≤ ∇𝐹(𝑧∗)⊤(𝑧 − 𝑧∗). (17)
Substitution of Equation (16) expresses the right-hand side as

𝜆[(𝑝 + 𝑛) − (𝑝∗ + 𝑛∗)] − 𝜇𝑝𝑝 − 𝜇𝑛𝑛 ≤ 0, (18)
where feasibility and complementary slackness give the inequality.
Thus 𝑧∗ is a global maximizer. Strict concavity of the utility func-
tion guarantees uniqueness of this maximizer. Without concavity,
the conditions provide only a local stationarity test.

For an active budget, define𝐺𝐵(𝑝) = 𝐹(𝑝, 𝐵−𝑝). Differentiation
along the budget boundary gives

𝐺′𝐵(𝑝) = 𝐹𝑝 − 𝐹𝑛 , 𝐺″𝐵 (𝑝) = 𝐹𝑝𝑝 − 2𝐹𝑝𝑛 + 𝐹𝑛𝑛 . (19)
The first derivative is the gain from transferring expenditure from
detection to preprocessing. A negative second derivative at an inte-
rior stationary point establishes a strict local maximum along that
boundary. This identifies the opportunity cost omitted by a com-
parison of preprocessing accuracy alone.

A.2 Discrete allocation
Let 𝒥 be a finite set of trained pipelines, each with expected accu-
racy 𝑢𝑗 and measured total cost 𝑐𝑗 . For a budget admitting at least
one candidate, the exact selection is

𝑗𝐵 ∈ argmax
𝑗∈𝒥∶𝑐𝑗≤𝐵

𝑢𝑗 . (20)

A candidate can be discarded if another candidate has no greater
cost and strictly greater accuracy.The retained accuracy–cost pairs
define the relevant finite comparison set.

For a specified multiplier 𝜆 ≥ 0, the Lagrangian score is 𝑢𝑗 −
𝜆𝑐𝑗 . Between two feasible candidates 𝑎 and 𝑏, the score favors 𝑎
precisely when

𝑢𝑎 − 𝑢𝑏 ≥ 𝜆(𝑐𝑎 − 𝑐𝑏). (21)
If detector cost is unchanged by retraining and the compensator
has additional cost 𝑐pre, the within-detector rule reduces to 𝑉 ≥
𝜆𝑐pre. Otherwise the full measured cost difference is required. Each
candidate must also satisfy the original budget constraint.

The relaxed upper bound on the constrained optimum is
max𝑗∶𝑐𝑗≤𝐵

𝑢𝑗 ≤ 𝑞(𝜆) = 𝜆𝐵 +max𝑗∈𝒥
(𝑢𝑗 − 𝜆𝑐𝑗). (22)

Indeed, for every feasible 𝑗, 𝑢𝑗 ≤ 𝑢𝑗 + 𝜆(𝐵 − 𝑐𝑗) ≤ 𝑞(𝜆). Mini-
mizing 𝑞 over nonnegative multipliers tightens the bound. Finite
candidate sets can retain a duality gap, so weighted scores alone
need not recover every constrained optimum. For example, con-
sider (𝑐𝑗 , 𝑢𝑗) ∈ {(1, 0), (2, 0.4), (3, 1)} and 𝐵 = 2. The middle point
is optimal under the budget, but its unrestricted score exceeds the
first only if 𝜆 ≤ 0.4 and the third only if 𝜆 ≥ 0.6. No nonnegative
multiplier can satisfy both inequalities simultaneously. Direct fea-
sible enumeration resolves this case. These values are an analytic
illustration, independent of the reported experiments.

B Substitution Conditions
The decrease in Equation (7) requires assumptions on the interac-
tion between capacity and preprocessing. Let 𝐻(𝜅, 𝑝) be a twice
continuously differentiable accuracy surface for a controlled de-
tector family and preprocessing expenditure 𝑝. Training follows a
common protocol across the detector family. If training is random-
ized, 𝐻 denotes the expectation over that randomness as well as
evaluation samples. Suppose that 𝑝0 and 𝑝1 > 𝑝0 correspond to
the baseline and a fixed compensated alternative. The compensa-
tion increment is then defined by

𝑉𝐻 (𝜅) = 𝐻(𝜅, 𝑝1) − 𝐻(𝜅, 𝑝0). (23)
Differentiation and the fundamental theorem of calculus give

𝑉 ′𝐻 (𝜅) = ∫
𝑝1

𝑝0
𝐻𝜅𝑝(𝜅, 𝑠) d𝑠. (24)

Hence 𝐻𝜅𝑝 ≤ 0 throughout the relevant rectangle is sufficient for
decreasing compensation gains. The finite-difference form follows
by a second integration,

𝑉𝐻 (𝜅′) − 𝑉𝐻 (𝜅) = ∫
𝜅′

𝜅 ∫
𝑝1

𝑝0
𝐻𝜅𝑝(𝑟 , 𝑠) d𝑠 d𝑟

≤ 0 (𝜅′ > 𝜅).
(25)
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This is a decreasing-differences condition on the joint surface. Con-
cavity in each variable separately does not establish it. Even joint
concavity is insufficient to determine the cross-partial sign. For
example, 𝐻(𝜅, 𝑝) = 𝑎𝜅 + 𝑏𝑝 − (𝜅 − 𝑝)2 is jointly concave and has
𝐻𝜅𝑝 = 2 > 0. Thus its compensation increment increases with
𝜅. On any bounded domain, constants and positive rescaling can
place this illustrative surface within the accuracy range without
changing the sign conclusion.

The fixed transformation experiment samples no continuous
preprocessing axis, and release order supplies no calibrated ca-
pacity coordinate. Consequently, the observed ordering cannot
identify 𝐻𝜅𝑝 . Testing the sufficient condition requires controlled
measurements over both axes, together with independent uncer-
tainty estimates. A diminishing accuracy increment also leaves
the cost comparison in Equation (21) unresolved.

C Trajectory and Selection Effects
Validation histories describe repeated measurements along a de-
pendent training process. Let 𝛿𝑡 = 𝑚enh𝑡 − 𝑚base𝑡 be random un-
der repetition of the full experiment. The variance of its trajectory
mean is

Var( ̄𝛿) = 1
𝑇 2 [

𝑇
∑
𝑡=1

Var(𝛿𝑡 )

+ 2 ∑
1≤𝑠<𝑡≤𝑇

Cov(𝛿𝑠 , 𝛿𝑡 )].
(26)

The covariance terms preclude an uncertainty calculation that
treats epochs as independent replications. Training nonstationar-
ity further prevents interpreting a single trajectory as repeated
draws from a common performance distribution. For the observed
histories, Equation (13) is a descriptive summary.

Checkpoint selection introduces a separate effect. For a fixed
finite candidate set, write the observed validation score as 𝑢̂𝑡 =
𝑢𝑡+𝜀𝑡 , where 𝑢𝑡 is its target expected score and𝔼[𝜀𝑡 ] = 0. Convexity
of the maximum implies

𝔼[max𝑡 𝑢̂𝑡] ≥ max𝑡 𝑢𝑡 . (27)

Independence across the errors is unnecessary for this inequality.
It formalizes selection optimism under the stated fixed-candidate
model. Adaptive stopping requires an extension of this fixed-
candidate model. Baseline and compensated selection biases can
differ, so their subtraction has no guaranteed bias cancellation.
Evaluation on an independent test set after checkpoint selection
and repeated training address distinct sources of uncertainty.

D Training Settings
All six runs use 640×640 input images, a batch size of 16, seed 0 and
a maximum of 100 epochs. Settings are reported as matched within
each baseline–compensated pair. Training settings differ across
configurations, confounding comparisons of architecture and ca-
pacity.

YOLOv5n uses the reported default hyperparameters with an
initial learning rate of 0.01, hue-saturation-value jitter, translation,
scaling and horizontal flipping. YOLOv8n uses adaptive moment
estimation with decoupled weight decay (AdamW) [34] with
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Figure 7: Validation mAP50–95 across training for the six
recorded baseline and compensated runs.

an initial learning rate of 0.001, cosine decay, mixup [37] and
copy-paste probabilities of 0.1, random augmentation (RandAug-
ment) [38] and random erasing [39] at 0.4. YOLO11n uses an
initial learning rate of 0.01, automatic optimizer selection, cosine
decay, RandAugment and random erasing at 0.4, without mixup
or copy-paste. All recipes include mosaic augmentation, disabled
for the last ten epochs in the YOLOv8n and YOLO11n recipes.

Early-stopping patience is recorded as 20 epochs for YOLOv5n
and YOLOv8n. Available descriptions give inconsistent values of
20 and 30 for YOLO11n, leaving its stopping setting uncertain. The
matched-epoch analysis uses 100, 83 and 100 shared epochs, re-
spectively. No additional seeds or held-out test evaluations are re-
ported.

E Compensator Parameter Selection
The fixed parameter vector is 𝜙 = (𝑐clip, 𝐺, 𝛼, 𝐷, 𝜎𝑐 , 𝜎𝑠) = (2.0, 10 ×
10, 0.3, 5, 75, 75) across all six runs. Contrast-limited adaptive his-
togram equalization (CLAHE) uses ten tiles along each axis. In-
creasing the tile count decreases the region size for local equal-
ization. A sharpening weight of 0.3 was selected after visual com-
parisons with 0.1 and 0.5, and a bilateral filter diameter of 5 after
comparisons with 9 and 15. Parameter selection used visual and
histogram inspection. Detection-based optimization and stage ab-
lations are required to assess optimality and component contribu-
tions. Reproduction also requires the original implementation and
its handling of numerical edge cases.

F Training Trajectories
Figure 7 contains the six validation histories used in Equation (13).
The YOLO11n baseline has a transient peak at epoch 88, which
contributes to the difference between best-checkpoint and trajec-
tory summaries. Both summaries use the validation data. Shared
training histories and repeated images induce dependence across
epochs, as formalized in Appendix C.

Figures 8–10 reproduce the framework’s loss and metric pan-
els.The plotted losses have architecture-specific definitions, which
restrict cross-model comparison. In the panel labels, cls denotes
classification, obj objectness, box bounding-box regression, dfl dis-
tribution focal loss (DFL), val validation and lr learning rate. The
suffix B in metric labels denotes bounding boxes. The curves doc-
ument the recorded training behavior.

G Detection Diagnostics
The class confusion matrices in Figure 11 complement Table 1. Fig-
ures 12 and 13 show precision–recall curves and the F1 score as
a function of confidence threshold. F1 is the harmonic mean of
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YOLOv5n baseline

YOLOv5n + Tϕ

Figure 8: Training losses and validation metrics for YOLOv5n, with the baseline run above the compensated run. All panels
represent the recorded single-seed experiments.

precision and recall. All reported diagnostic panels use the valida-
tion data. The undocumented operating thresholds for the scalar
metrics limit comparisons at a common operating point and inter-
pretation of the underlying detection mechanism.

H Compensation Examples
Figure 14 complements Figure 2 with stage-wise illustrations on
tub and gate scenes. The red, green and blue (RGB) histograms
show changes in intensity distributions under the fixed pipeline.
Detection-based stage ablations are required to attribute perfor-
mance changes to individual operations.
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YOLOv8n baseline

YOLOv8n + Tϕ

Figure 9: Training losses and validation metrics for YOLOv8n, with the baseline run above the compensated run. All panels
represent the recorded single-seed experiments.
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YOLO11n baseline

YOLO11n + Tϕ

Figure 10: Training losses and validation metrics for YOLO11n, with the baseline run above the compensated run. All panels
represent the recorded single-seed experiments.



A Lagrangian View of Trading Pixels for Parameters ICVGIP2026, December 21–24, 2026, Kolkata, India

YOLOv5n baseline YOLOv8n baseline YOLO11n baseline

YOLOv5n + Tϕ YOLOv8n + Tϕ YOLO11n + Tϕ

Figure 11: Validation confusion matrices for all six runs, with baseline runs above and compensated runs below.

YOLOv5n baseline YOLOv5n + Tϕ YOLOv8n baseline

YOLOv8n + Tϕ YOLO11n baseline YOLO11n + Tϕ

Figure 12: Framework precision–recall curves at each run’s best validation checkpoint, with panel headings identifying the
architecture and input configuration.
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YOLOv5n baseline YOLOv5n + Tϕ YOLOv8n baseline

YOLOv8n + Tϕ YOLO11n baseline YOLO11n + Tϕ

YOLOv5n baseline YOLOv5n + Tϕ YOLOv8n baseline

YOLOv8n + Tϕ YOLO11n baseline YOLO11n + Tϕ

YOLOv5n baseline YOLOv5n + Tϕ YOLOv8n baseline

YOLOv8n + Tϕ YOLO11n baseline YOLO11n + Tϕ

YOLOv5n baseline YOLOv5n + Tϕ YOLOv8n baseline

YOLOv8n + Tϕ YOLO11n baseline YOLO11n + Tϕ

YOLOv5n baseline YOLOv5n + Tϕ YOLOv8n baseline

YOLOv8n + Tϕ YOLO11n baseline YOLO11n + Tϕ

YOLOv5n baseline YOLOv5n + Tϕ YOLOv8n baseline

YOLOv8n + Tϕ YOLO11n baseline YOLO11n + Tϕ

Figure 13: Framework F1–confidence curves at each run’s best validation checkpoint, with one detector per row and baseline
and compensated runs in the left and right columns, respectively.
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Figure 14: Compensation stages for tub (top) and gate (bottom) scenes. Each row group shows the original image, the output
after per-channel processing and the output after bilateral filtering, with red, green and blue intensity histograms below.
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