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Abstract

Thermal cameras are indispensable for autonomous driving
in darkness, glare, and adverse weather, yet their 16-bit raw
outputs exhibit low contrast and frame-to-frame intensity
drift that hamper modern detectors. We introduce Neural
Adaptive Gain Control (N-AGC), a lightweight U-Net that
learns per-pixel gain and offset maps together with a global
bias, converting raw 16-bit frames into detector-ready 8-bit
images in a single forward pass.

N-AGC is trained in two stages. (i) Tone-curve warm-
up: pixel-wise L1 loss plus differentiable moment matching
aligns the stretched 16-bit histogram with the vendor 8-bit
output (via per-frame percentile stretch), achieving a 0.92
histogram-intersection score while preserving detail. (ii)
Task-driven fine-tuning: a frozen Faster R-CNN head back-
propagates detection loss through N-AGC, sharpening con-
trast exactly where the detector benefits most.

On the FLIR ADAS vI+v2 benchmark our approach lifts
thermal APsq from the official YOLOX-m baseline (75.33 %
person, 77.23 % car) to 90.1 % and 86.3 %, respectively,
while adding < b ms latency on a single RTX 5000 Ada
Generation. N-AGC is model-agnostic, requires no man-
ual gain tuning, and drops seamlessly into existing per-
ception stacks, making it a practical upgrade for night-
time and all-weather autonomous navigation. Code and
pretrained models are available at https://github.
com/hosseinjavidnia/NAGC.

1. Introduction

Long-wave infrared (LWIR) imaging is pivotal for au-
tonomous vehicles, enabling reliable perception in poor
lighting, adverse weather, and night-time scenarios where
RGB sensors fail [10]. Despite this advantage, raw LWIR
frames are delivered as 14/16-bit unsigned integers whose
dynamic range and global contrast vary drastically with
scene temperature. Commodity systems therefore compress
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Figure 1. Problem illustration. Left: vendor 8-bit AGC fails to
distinguish a small pedestrian from the similarly warm building
facade, causing the detector to miss the target. Right: our Neural
AGC produces a detector-ready tone curve that recovers small tar-
gets. Red bounding boxes drawn for illustrative purposes.

each frame to a vendor-defined 8-bit image via fixed adap-
tive gain-control (AGC) hardware [3, 14]. Although ven-
dor AGC executes in microseconds on embedded hardware,
its global tone curve is chosen primarily to avoid saturat-
ing the hottest pixels in the frame—e.g., engine blocks or
head-lights. The resulting compression of mid-tone band-
width leaves only a handful of quantisation levels for low-
emissivity targets, so small, cool pedestrians or distant ve-
hicles are rendered barely above noise and frequently slip
past modern detectors.

Neural Adaptive Gain Control (N-AGC) addresses
this gap. It replaces the handcrafted AGC with a differ-
entiable U-Net [16] that predicts per-pixel gain and offset
maps, plus a scalar bias, to convert raw 16-bit frames into
detector-ready 8-bit images on-the-fly (Fig. 1). N-AGC is
trained in two phases: (i) a fone-curve warm-up aligns its
output histogram with the vendor 8-bit image using pixel L
and a differentiable moment loss; (ii) a fask-driven fine-tune
back-propagates Faster R-CNN [15] detection loss through
the frozen detector into the AGC, optimising contrast ex-
actly where the detector needs it.

On the FLIR ADAS v1+v2 benchmark [19] N-AGC lifts
YOLOX-m [4] AP5¢ from 75.33% / 77.23% (person/car) to
90.1% / 86.3%, the largest reported thermal-only gain with-



out retraining the detector backbone. In short, our contribu-

tions are:

1. A detector-aware, per-pixel gain—offset network that

learns a scene-adaptive 16-bit—8-bit mapping.

A two-phase training scheme that first mimics vendor

tone curves and then optimises directly for detection AP.

. Extensive experiments and ablations on FLIR ADAS
showing state-of-the-art accuracy with < 5ms runtime
overhead.

2.

2.

Early thermal-image enhancement relied on global his-
togram equalisation or contrast-limited adaptive histogram
equalisation (CLAHE) [24], but these heuristics are
scene-agnostic and tend to amplify sensor noise. Recent
CNN-based methods predict local tone curves: Gil et al.
[5] proposed Fieldscale, a locality-aware rescaling network
that preserves radiometry in LWIR data, while Stanci¢
and Sari¢ improved thermal classification by learning a
contrast-restoration CNN [18]. These approaches focus on
human viewing or classification and do not couple the tone
map to object detection.

A parallel thread investigates how compression impacts
thermal vision. Bhowmik et al. [1] showed that standard
JPEG at quality factor 50 can slash detection AP by up to 40
percentage points for small infrared targets, and Salamah et
al. [17] redesigned JPEG quantisation tables for DNN ro-
bustness. Beyond conventional codecs, Zhang et al. [22]
proposed a K-means based coder for thermal sequences,
Zeng et al. [21] introduced a high-dynamic-range (HDR)
compression—denoising pipeline for IR data, and Xing et
al. [20] compressed and fused visible/IR frames jointly in
CFNet. Rather than measuring pixel error, Chen et al. [2]
predicted the interpretability loss of tactical targets under
varying bit-rates, highlighting that compression artefacts in-
teract with human and automated interpretation differently.
All of these works process already down-quantised 8-bit
streams; they leave the preceding 16-bit—8-bit automatic
gain control (AGC) untouched. Our work tackles this up-
stream dynamic-range bottleneck: we learn a mapping that
preserves detector-critical mid-tones before any codec is ap-
plied.

Task-aware preprocessing has recently gained traction.
Lee et al. [8] introduced Thermal Chameleon, an end-to-end
tone mapper optimised for segmentation masks. Li et al. [9]
fused high-level features from RGB and LWIR in ComNet
for UAV detection, and Zhou et al. [23] proposed LSNet, a
lightweight RGB-T saliency booster. These networks either
require dual-modal input or entangle enhancement with the
detector backbone. By contrast, our Neural-AGC is a stan-
dalone module: it predicts explicit per-pixel gain and offset
maps, inserts ahead of any detector, and is fine-tuned only
through detection loss.

Related Work
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Thermal benchmarks remain scarce; the FLIR ADAS vl
dataset introduced five categories while v2 grew to 15 and
26k frames [19]. YOLOX-m [4] and Faster R-CNN [15]
are the strongest open baselines, yet both depend on ven-
dor AGC.We show that replacing this static tone curve with
Neural-AGC alone lifts YOLOX-m [4] AP5q from 75.3% /
77.2% (person/car) to 90.1% / 86.3%, the largest reported
jump without altering detector weights.

In summary, prior work either enhances thermal con-
trast for human perception, analyses lossy codecs in iso-
lation, or embeds implicit tone corrections inside specific
detectors. Neural-AGC differs by learning an explicit,
detector-agnostic gain—offset map directly from raw sensor
counts and optimising it end-to-end for object-detection ac-
curacy.

3. Proposed Approach

3.1. Overview

Our goal is to convert raw 16-bit thermal frames into
detector-ready 8-bit images with a single, learnable tone-
mapping module that can be optimised end-to-end with a
downstream object detector (Fig. 2). The core pipeline is
trained in two stages: (i) pixel-level tone-curve imitation
and (ii) task-driven fine-tuning.

3.2. Percentile-Stretch Normalisation

Each raw frame .,y is first normalised to [0, 1] via a robust
per-frame stretch:
QQ,

where pj. denotes the k-th percentile and e =105 prevents
division by zero. This removes dependency on bit depth and
black-level offsets.

3.3. N-AGC Architecture

N-AGC is a three-level U-Net [16]:

Encoder-decoder. The encoder uses three Conv—GELU
[6] blocks, each consisting of a 3 x 3 convolution followed
by GELU activation, with {32, 64, 128} channels, each fol-
lowed by 2x2 max-pooling; a 256-channel bottleneck cap-
tures global context. The decoder upsamples by a factor 2,
concatenates the corresponding encoder features, and ap-
plies two Conv—GELU layers [6] , producing {128, 64, 32}
feature maps.

Gain-offset heads. Two 1x1 convolutions output a gain «
and offset 3 per pixel:

Traw —P0.5
P99.5—po.5+e’

x:dm( (1)

o= clip(softplus(ha), O,gmax)7 B = 0.25 tanh(hg),

2
followed by a learnable global bias v € R. The enhanced
image is

y=ax+p)+7, (3)
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Figure 2. Neural-AGC pipeline. The raw 16-bit frame is first percentile-stretched, then processed by our U-Net AGC which predicts
per-pixel gain «v and offset 3 plus a global bias . The resulting 8-bit image feeds a frozen detector during Stage-B fine-tuning.

with gmax = 12, matching the vendor’s dynamic-range ceil-
ing.

Note that before clamping, y may lie outside [0,1], but
during Stage A we only use clip(y,0, 1) when computing
the pixel loss. In Stage B, gradients flow through the un-
clamped y so the detector can push y slightly outside [0,1]
if needed; at inference time we always clamp back to [0,1]
and then cast to 8 bits.

We also observed empirically that the vendor’s tone
curve occasionally applies gains up to roughly 10x-12x
on mid-range pixel values (to prevent saturation of hot re-
gions). Setting gmax = 12 ensures that N-AGC can approx-
imate the vendor’s maximum gain without clipping useful
mid-tones. In practice, when gp.x < 12, histogram overlap
with T8 begins to degrade (Section 5.1).

3.4. Loss Functions

Pixel fidelity. A clamped L loss aligns N-AGC output with
the T8 € [0, 1]#*W vendor’s 8-bit image, rescaled to [0,1]:

[:pix = ||Chp(ya Oa 1) - T8H1’ (4)

Moment alignment. To stabilise contrast, we add a differ-
entiable moment loss:

Linom = ’N’(y) - /J“(T8)| + ‘U(y) - U(TS)

)

where ((-) and o(-) denote the batch-mean and standard
deviation over all pixels. Intuitively, matching mean and
standard deviation ensures that the overall brightness and
contrast statistics of y align with the vendor look-up, which
stabilizes mid-tone contrast even if the histogram shape dif-
fers locally.
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The total Stage-A loss is:
Liotal = Epix + A £m0m7 (6)

where we set A = 0 for the first 3 epochs (warm-up on pure
L4), then A = 0.05 thereafter.

3.5. Two-Stage Optimisation Pipeline

Stage-A trains N-AGC offline to mimic the vendor tone
curve (A is introduced after a warm-up). Stage-B attaches
the pretrained N-AGC in front of a thermal-aware Faster R-
CNN [15] detector and freezes all detector weights; de-
tection loss is then back-propagated into N-AGC only, al-
lowing contrast to adjust precisely for object-level perfor-
mance.

4. Experimental Setup
4.1. Dataset Protocol

All experiments are performed on the aligned union of
FLIR ADAS vl and v2, which—after removing duplicated
timestamps—contains 12 000 annotated LWIR frames cov-
ering fifteen traffic-relevant categories. We respect the au-
thors’ protocol: 90 % of the images form the training set,
the remaining 10 % serve for validation, and the disjoint
video—test partition (3 742 frames) is reserved for final re-
porting. Vendor-supplied 8-bit images (78) in JPEG format
represent the reference tone curve, whereas raw sensor data
(RAW) are stored in 16-bit TIFFs. All detection scores fol-
low the COCO convention [11]; we quote AP5g to maintain
comparability with the dataset release notes.



4.2. Input Preparation

Each RAW frame is centre-cropped and resized to 640 x 512
pixels, then mapped to the unit interval by the percentile-
stretch of Eq. (1) (0.5""-99.5" percentiles). During Stage-
A we apply only light augmentation—horizontal mirroring
with probability 0.5 and isotropic scale jitter in the range
[0.8, 1.2]—so as not to distort thermal statistics. No colour
jitter or artificial noise is introduced.

4.3. Stage-A: Tone-Curve Pre-training

N-AGC is first optimised offline to reproduce the vendor
tone curve. Training runs for at most fifty epochs on a single
RTX 5000 Ada Generation with AdamW [12], initial learn-
ing rate 1 x 10~4, weight decay 10~°, and an ¢,-gradient
clip of 1.0. At epochs 3, 6, and 9 the learning rate is re-
duced by a factor of 0.3. Only the pixel L; term is used
for the first three epochs; from epoch 4 the moment loss is
enabled with fixed weight A = 0.05. Training stops auto-
matically once the validation split satisfies L; < 0.05 and
a histogram-intersection score of at least 0.90 (typically by
epoch 37). The resulting checkpoint serves as the initialisa-
tion for Stage-B.

4.4. Detector Pre-training

A frozen detector must already be thermal-aware before
gradients are routed exclusively through N-AGC. We there-
fore fine-tune two strong backbones on the vendor 8-bit im-
ages:

Faster R-CNN [15]. A ResNet-50-FPN initialised from
MS-COCO is trained for 12 epochs with cosine decay from
1 x 1073 to 1 x 10~%, batch size 8. The model attains
75.3% AP5q on person and 77.2% on car classes, matching
the FLIR baseline; we denote these weights Drenn.

YOLOX-m [4]. To verify that N-AGC generalises
to single-stage detectors we repeat the procedure with
YOLOX-m [4] (640 x 512 input). After 15 epochs the
frozen network reaches 75.9% / 77.2% AP5y on person /
car; we refer to it as Dyoro.

4.5. Stage-B: Task-Driven Fine-tuning

N-AGC is inserted in front of each frozen detector in turn.
During this stage only the ~1.9M parameters of N-AGC are
updated, using AdamW [12] with learning rate 5 x 1075
and no weight decay. Training proceeds for a maximum of
ten epochs and terminates once the validation AP5 plateaus
(usually after six epochs). Because back-propagation tra-
verses a frozen backbone, GPU memory consumption re-
mains modest and wall-clock time is dominated by detector
forward passes.

4.6. Baselines and Ablation Studies

We benchmark four tone-mapping pipelines ahead of each
detector: (i) RAW (percentile-stretch only), (ii) Vendor-
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Robustness to JPEG Compression
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Figure 3. Robustness to JPEG compression on the video—test split.
APs is plotted against JPEG quality factor @) (higher () = weaker
compression, axis reversed for readability). Vendor-AGC (solid
lines) begins to collapse below (=70, losing more than 25 pp by
@=50. Neural-AGC (dashed) degrades gracefully, retaining >
85 % AP down to Q=40 for both Faster R-CNN [15] and YOLOX-

m [4], demonstrating detector-agnostic resilience to lossy codecs.

AGC, (iii) a shallow 1-Conv AGC to gauge capacity, and
(iv) the proposed N-AGC. Ablations investigate the effect
of removing the moment loss, omitting the global bias, and
varying the gain ceiling gmax € {8, 12, 16}.

4.7. Runtime and Memory

All throughput measurements are obtained on the same
RTX 5000 Ada Generation at FP32 precision. N-AGC adds
4.8ms per 640 x 512 frame; the frozen Faster R-CNN re-
quires 52ms, yielding a total latency of 57ms (17.5fps). In-
ference with YOLOX-m [4] is faster—18ms for the detec-
tor—so the combined N-AGC + YOLOX pipeline runs at
39ms (25.6fps). Parameter counts are 1.9M for N-AGC.

5. Results
5.1. Tone-Curve Fidelity (Stage-A)

Table | reports two metrics for each way of producing an
output image y:

1. Li(y,T8): the mean per-pixel absolute difference be-
tween y and the vendor’s 8-bit image 7'8. Lower is bet-
ter.

Hist. (T8 <+ y): the 256-bin histogram intersection be-
tween y and T'8, i.e.

256
> min(hy[d], hrs[i]) @)
i=1

Higher is better (1.00 means a perfect match of his-
tograms).

Explanation of “Method”. By “Method” we literally mean

the procedure used to produce the output image y:

* RAW (percentile-stretch): take each frame, find its 0.5%
1 99.5% percentiles, stretch to [0,1], then clip. This en-



Figure 4. Failure modes of thermal preprocessing. From left to right: percentile-stretched raw input, object detection on vendor-provided
8-bit AGC output, and object detection on our Neural-AGC result. The raw image suffers from low contrast, causing small pedestrians to
blend into the scene. Vendor-AGC over-amplifies bright regions, merging the pedestrian with background objects (e.g., trees) and leading
to missed detections. Neural-AGC restores mid-tone contrast, preserves pedestrian visibility, and enables accurate detection.

sures each frame uses most of the dynamic range, but does ¢ Vendor-AGC: the actual vendor-provided 8-bit JPEG
not match the local contrast profile of the vendor’s JPEG. (used as ground truth for tone).
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Table 1. Stage-A fidelity. Each “Method” describes how the output
image y was generated. Hist. (7'8 <» y) is the 256-bin histogram
intersection (higher — better); L1 (y, T'8) is the average per-pixel
L, distance (lower — better).

Method Li(y,T8) ] Hist. (T8 <> y) T
RAW (percentile-stretch) ! 0.135 0.68
Vendor-AGC (reference) 0.000 1.00
1-Conv AGC (simple baseline) 0.062 0.83
Neural-AGC (ours) 0.050 0.92

I “RAW (percentile-stretch)” means we take the original 16-bit TIFF, find
that frame’s 0.5% and 99.5% intensity percentiles, linearly rescale so
those map to 0 and 1, then clip to [0, 1]. All subsequent AGC methods
(Vendor-AGC, 1-Conv AGC, Neural-AGC) operate on this same
percentile-stretched input.

* 1-Conv AGC: a simple one-convolution AGC baseline
(just for ablation).

* Neural-AGC (ours): our full adaptive gain/offset mod-
ule.

Interpretation.

* The “percentile-stretch” (first row) pushes raw pixel in-
tensities into [0, 1] by clamping at each frame’s 0.5%
and 99.5% percentiles. This is why it yields only 0.68
histogram overlap with T'8 (i.e. the vendor’s JPEG has
a subtly different per-bin redistribution). Its pixel-wise
L; = 0.135 quantifies how far that stretched version is
from the vendor’s tone curve.

“Vendor-AGC” (second row) by definition has L; = 0
and histogram overlap = 1.00, because it is exactly the
reference 8-bit output.

“1-Conv AGC” (third row) is a small, single-convolution
version of AGC. It reduces the pixel error compared to
RAW(stretch) and raises overlap to 0.83—still far from
perfect, but better than a global stretch.

“Neural-AGC (ours)” (last row) closes most of the gap:
it cuts L; down to 0.050 while boosting histogram over-
lap to 0.92. That shows the proposed AGC model closely
mimics the vendor’s tone curve, yet remains fully differ-
entiable for Stage-B (detector) training. While the 1-Conv
AGC baseline was not evaluated on the downstream de-
tection task, its inferior performance in Stage-A demon-
strates its limited expressive capacity. A model with a
weaker ability to approximate complex tone curves is in-
herently less likely to find an optimal solution during the
subsequent task-driven fine-tuning, justifying the selec-
tion of the more capable U-Net architecture for the full
pipeline.

5.2. Object detection (Stage-B)

Evaluation protocol. All tone-mapping variants undergo
exactly one JPEG encode—decode cycle at the camera’s na-
tive quality factor ((Q=90). Detectors are frozen: they are
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fine-tuned once on Vendor-AGC images, after which only
the tone mapper is updated.

Per-class AP5q results. Table 2 lists AP5q for the two
safety-critical classes person and car on the video—test split.
Swapping the vendor curve for Neural-AGC lifts YOLOX-
m [4] from 75.3 / 77.2% to 90.1 / 86.3% (+14.8 pp, +9.1
pp). Faster R-CNN [15] and the lightweight RTMDet-s
[13] show comparable gains, confirming that the benefit is
detector-agnostic.

Table 2. APso (%) for person and car on the video—test split.

Faster R-CNN [15] YOLOX-m [4] RTMDet-s [13]
Tone map

Person Car Person Car Person Car
RAW (stretch) 63.4 66.2 65.1 67.8 60.8 63.5
Vendor-AGC 75.3 772 75.3 772 72.6 74.0
CLAHE-Adaptive [24] 81.7 83.6 80.9 82.4 78.8 79.4
TCNet (re-trained) [8] 86.5 84.0 85.4 83.8 83.1 80.5
Neural-AGC 92.3 89.1 90.1 86.3 90.2 86.7

Full COCO metrics. To rule out metric cherry-picking,
Table 3 reports COCO AP@[.5:.95] over all 15 FLIR-
ADAS classes, broken down by object scale. Neural-AGC
remains ahead across small, medium and large targets.

Table 3. COCO AP@[.5:.95] (%) on the test-all split.

Tone map AP@[.5:95] APs APu APL
Vendor-AGC 46.3 19.8 487 66.1
CLAHE-Adaptive [24] 52.9 234 551 710
TCNet (re-trained) [8] 57.4 27.6 589 735
Neural-AGC 65.8 321 669 78.2

Relation to Thermal-Chameleon. Thermal-Chameleon
(TCNet) [8] also converts 14/16-bit thermal data to 8-bit
via an encoder—decoder optimised with detection loss. Be-
cause no pretrained weights are publicly available, we re-
produced the architecture and training recipe. Our replica
reaches 83.8 mAP @0.5—matching the paper’s claim—and
serves as the TCNet baseline above. Neural-AGC still out-
performs this baseline by +6.5 pp AP@[.5:.95] and +4.7 pp
/ +2.5 pp AP5q on person/car.

Across three detector families, fifteen object categories,
and a strict single-pass JPEG pipeline, Neural-AGC de-
livers the highest precision while adding under 5 ms la-
tency—making it a practical drop-in upgrade for thermal
perception stacks.

End-to-end sanity check. To ensure that detector freez-
ing does not exaggerate our gains, we un-froze YOLOX-
m [4] and fine-tuned the entire pipeline for five additional



epochs on Neural-AGC images. The mean AP35 for person
+ car increased from 88.2% to 89.0% (+0.8 pp), whereas
a similarly fine-tuned TCNet [8] baseline rose from 84.6%
to 85.2% (+0.6 pp). The performance gap therefore per-
sists, confirming that our advantage is not an artefact of the
frozen-weights protocol.

The decision to fine-tune N-AGC with a frozen detector
backbone is a pragmatic one with significant practical ad-
vantages. In production environments, this allows N-AGC
to serve as a drop-in upgrade to an existing, validated per-
ception stack without the extensive computational cost and
engineering effort required to re-train and re-validate the
entire detector. Furthermore, this sequential optimization
provides stability; training a fully unfrozen system jointly
might cause the detector to co-adapt to a sub-optimal tone-
mapping strategy from the randomly initialized N-AGC, po-
tentially settling in a less effective local minimum. Our two-
stage approach mitigates this by first establishing a stable
and high-fidelity tone-curve initialization (Stage-A) before
refining it for the specific downstream task (Stage-B).

5.3. Cross-dataset evaluation on KAIST

To test generalisation, we run the frozen detectors from
Sec. 5.2 on the KAIST multispectral pedestrian dataset
[7] without any re-training. We evaluate the LWIR chan-
nel only, using the test-reasonable subset and the official
KAIST dev-kit (AP5q).

Table 4 shows that Neural-AGC retains a clear lead over
all baselines even under this domain shift. Relative gains
are smaller than on FLIR-ADAS, as expected, yet Neural-
AGC still eliminates ~ 25% of the missed detections com-
pared with the vendor pipeline (27.6% on YOLOX-m [4];
24-25% on the other backbones).

Table 4. KAIST test-reasonable subset: AP5g (%).

Tone map YOLOX-m [4] Faster R-CNN [15] RTMDet-s [13]
Vendor-AGC 56.2 53.8 49.1
CLAHE-Adaptive [24] 59.7 57.3 52.4
TCNet (re-trained) [8] 61.5 59.0 55.2
Neural-AGC 68.3 65.1 62.0

Although KAIST imagery differs in resolution, op-
tics, and annotation style, Neural-AGC still outperforms
the strongest task-aware baseline (TCNet) by +6.8 pp on
YOLOX-m [4], +6.1 pp on Faster R-CNN [15], and +6.8
pp on RTMDet-s [13]. This suggests that the learned
gain-bias field is not over-fitted to the FLIR sensor charac-
teristics and can serve as a drop-in upgrade for other LWIR
cameras.

5.4. Ablation Studies

Component ablation on frozen faster R-CNN. Table 5
disables one design choice at a time while keeping Faster R-
CNN [15] frozen. The moment loss and global bias each
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contribute roughly three AP points; restricting the gain ceil-
ing to gmax = 8 removes a further four.

Table 5. Ablation on Faster R-CNN (AP5q, %).

Variant Person  Car
Full Neural-AGC 92.3 89.1
w/0 moment loss 89.1 86.0
w/o global bias 88.8 86.4
Jmax = 8 85.0 82.1

Training-schedule ablation. Stage-B fine-tuning as-
sumes a stable 8-bit initialisation; without it, gradients from
the frozen detector must search the entire 16-to-8-bit space
and quickly diverge. To verify this, we trained N-AGC
(end-to-end) from random weights using only the detector
loss. Table 6 shows a catastrophic drop of =~ 14pp (person)
and ~ 13pp (car) compared to our two-stage recipe, con-
firming that Stage-A warm-up is essential.

Table 6. Efficacy of the two-stage schedule (Faster R-CNN frozen,
AP5¢ on video-test).

Variant Person Car
N-AGC (end-to-end only) 78.4 76.6
N-AGC (two-stage) 92.3 89.1

Stage-A loss components. Table 7 augments the Stage-A
fidelity results with two variants that keep either the L, term
or the moment loss L,om. Using L alone drives pixel ac-
curacy but underestimates global contrast (histogram 0.85),
whereas moment loss alone lifts the histogram to 0.89 at
the cost of poor local fidelity (L; 0.112). Only the joint loss
achieves high scores on both metrics, justifying our design.

Table 7. Stage-A fidelity (updated).
Hist. (7'8 <> y).

Higher is better for

Method Lq(y,T8)| Hist. (T8 <> y)t
RAW (percentile-stretch) 0.135 0.68
Vendor-AGC (reference) 0.000 1.00
1-Conv AGC (baseline) 0.062 0.83
N-AGC (L7 only) 0.046 0.85
N-AGC (moment only) 0.112 0.89
N-AGC (ours) 0.050 0.92

Overall, the ablations demonstrate three take-aways.
(i) Each architectural component matters: within the
frozen-detector setting, the global bias and moment loss
each add =3 pp APs, while a tighter gain ceiling (gmax =
8) removes ~4 pp-highlighting that the full design (bias +
moment + gmax = 12) is required for peak performance. (ii)



Stage-A warm-up is indispensable: removing it and train-
ing end-to-end causes a catastrophic drop of 14 pp (person)
and 13 pp (car). (iii) Both loss terms are needed: L alone
or moment-loss alone cannot simultaneously reproduce the
vendor tone curve; only the joint loss attains low pixel error
and high histogram overlap.

5.5. Robustness to JPEG Compression

Figure 3 plots AP5( against JPEG quality factor () after ex-
actly one encode—decode cycle for each image. Vendor-
AGC deteriorates rapidly once ()<70, mirroring the trend
reported by Bhowmik er al. [1], who found that standard
JPEG can erase up to 40 pp of average precision on small
LWIR targets because ringing artefacts obliterate the low-
contrast details detectors depend on. In our pipeline the
vendor frames are produced from the original 16-bit TIFFs
at the desired @ and are never re-compressed. Neural-
AGC, by contrast, preserves at least 85% of its peak perfor-
mance down to Q=40 (91.7 — 78.5 AP5y), demonstrating
markedly higher resilience to lossy codecs.

5.6. Qualitative Results and Runtime

Figure 4 depicts multiple scenarios where RAW and
Vendor-AGC either wash out small pedestrians or blend
them into the background. Neural-AGC restores mid-tone
contrast, and the detector recovers all targets. On an RTX
5000 Ada Generation the pipeline processes a 640x512
frame in 57ms with Faster R-CNN [15] and 39ms with
YOLOX-m [4]; Neural-AGC itself costs only 4.8ms and
1.9M parameters.

6. Conclusion

We introduced Neural Adaptive Gain Control (N-AGC), a
lightweight U-Net that replaces hand-crafted tone curves in
LWIR cameras with a fully learnable, task-aware mapping.
The proposed two-stage training strategy—(i) pixel-fidelity
warm-up to the vendor curve, followed by (ii) detector-
driven fine-tuning with frozen backbones—requires only
1.9M parameters and 4.8 ms additional latency, yet deliv-
ers substantial gains:

L]

Tone reproduction. N-AGC narrows the pixel L; gap to
the vendor 8-bit image by more than 50 % and raises his-
togram overlap to 0.92, while preserving RAW dynamics
(RAW—AGC = 0.75).

Detection accuracy. On the FLIR ADAS video—test split,
a frozen Faster R-CNN jumps from 75.3/77.2 % (per-
son/car AP5g) under the vendor pipeline to 92.3/89.1 %
with N-AGC; a single-stage YOLOX-m shows similar
gains. These improvements match or surpass those of
much heavier saliency-boosting networks, yet come with
“negligible extra latency” at inference time.

Robustness. Unlike the vendor tone curve, which col-
lapses below JPEG @ = 70, N-AGC retains >85% APgq
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down to ) = 40, confirming that a detector-aware his-
togram is markedly less brittle to lossy codecs.

Because N-AGC acts purely in the image domain, it can
be inserted ahead of any off-the-shelf detector, requires no
manual gain tuning, and keeps the downstream architecture
untouched. However, we acknowledge that our frame-by-
frame approach does not explicitly enforce temporal con-
sistency, which could introduce brightness fluctuations in
video sequences—a key consideration for object tracking.
Future work will explore (i) joint optimisation with tempo-
ral trackers or the use of recurrent architectures to stabilise
dynamic range across video, (ii) fusion with RGB cam-
eras for all-weather scene understanding, (iii) extending the
task-driven framework to other perception tasks, such as se-
mantic segmentation or depth estimation, by replacing the
Stage-B detection loss with a relevant task-specific loss, and
(iv) deployment on ultra-low-power edge SoCs. While the
model is lightweight, this final step would necessitate fur-
ther optimizations such as network quantization and knowl-
edge distillation to meet the strict latency and power con-
straints of embedded systems where every milliwatt counts.
We release code, pretrained models, and training logs to fos-
ter further research into task-aware low-level adaptation for
autonomous driving and robotic perception.
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