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Abstract

Stereo vision systems serve as a cornerstone for depth perception in autonomous
robotics, advanced driver-assistance systems, and three-dimensional reconstruction.
However, the performance of stereo matching algorithms is heavily contingent upon
the precise tuning of hyperparameters, such as penalty coefficients, window sizes, and
aggregation thresholds. Manual tuning of these parameters is laborious, subjective, and
often fails to generalize across diverse environmental conditions. This paper
introduces an automated framework for optimizing stereo vision parameters utilizing
the Nonlinear Conjugate Gradient (NCG) method. By formulating the parameter
selection process as a continuous optimization problem within a multidimensional cost
landscape, we employ NCG to efficiently navigate towards optimal configurations.
Unlike stochastic methods such as genetic algorithms, NCG leverages gradient
approximation to achieve faster convergence while maintaining high solution quality.
We validate our approach using standard benchmark datasets, demonstrating that the
NCG-optimized parameters significantly reduce disparity error rates compared to
baseline configurations and perform competitively against computationally expensive
global search methods. The proposed framework offers a robust, time-efficient solution
for adaptive stereo vision in dynamic environments.
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1.Introduction

The ability to extract three-dimensional structure from two-dimensional imagery is a
fundamental capability required for autonomous agents interacting with physical
environments. Stereo vision, which mimics the binocular depth perception of the human
visual system, remains one of the most reliable and widely deployed techniques for this
purpose. By calculating the disparity between corresponding pixels in rectified image pairs,
stereo algorithms generate dense depth maps essential for obstacle avoidance, path planning,
and object manipulation [1]. As the demand for higher precision in autonomous driving and
industrial robotics grows, the accuracy of these depth maps becomes critical. Even minor
artifacts in disparity estimation can lead to significant errors in the projected 3D coordinates,
potentially causing catastrophic failures in safety-critical applications [2].

1.1 The Parameter Tuning Challenge

State-of-the-art stereo matching algorithms, particularly those based on Semi-Global Matching
(SGM) or advanced block matching variants, rely on a set of internal hyperparameters to
govern their energy minimization processes. These parameters typically include penalty
terms for small and large disparity changes, often denoted as P1 and P2, as well as block sizes,
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pre-filter caps, and uniqueness ratios. In theoretical frameworks, these values are often
treated as constants; however, in practical deployment, their optimal values are highly
sensitive to scene texture, lighting conditions, and camera signal-to-noise ratios [3].
Conventionally, parameter tuning is performed manually by domain experts through a trial-
and-error process. This approach is not only time-consuming but also prone to human bias,
often resulting in suboptimal configurations that function well in specific test scenarios but
fail in generalized deployment [4]. Furthermore, the interaction between parameters is
complex and nonlinear. For instance, increasing the smoothness penalty might reduce noise in
low-texture regions but simultaneously blur object boundaries, leading to the loss of fine
structural details [5]. Consequently, the manual search for a global optimum within this high-
dimensional parameter space is practically infeasible for dynamic real-time systems.

1.2 Research Objectives and Contributions

To address the limitations of manual tuning and the computational burden of exhaustive
search methods, this research proposes an automated optimization framework based on the
Nonlinear Conjugate Gradient (NCG) method. While gradient-based optimization is standard
in differentiable rendering and deep learning, its application to the discrete, often non-
differentiable cost functions of classical stereo matching presents unique challenges [6]. We
overcome these by utilizing finite difference approximations to estimate gradients within the
parameter space, allowing the NCG algorithm to determine search directions that efficiently
reduce disparity error. The primary contributions of this paper are threefold. First, we
formalize the stereo parameter selection problem as a continuous optimization task suitable
for conjugate gradient methods. Second, we implement a robust NCG solver integrated with a
standard Semi-Global Matching pipeline, utilizing the Polak-Ribiere update method to ensure
convergence [7]. Third, we provide a comprehensive empirical evaluation demonstrating that
our method achieves superior disparity accuracy compared to default settings and converges
significantly faster than stochastic evolutionary algorithms often used for this task [8]. This
work establishes a pathway for self-calibrating vision systems capable of adapting to changing
environmental requirements on the fly.

2. Literature Review

The evolution of stereo correspondence algorithms has historically bifurcated into local and
global methods. Local methods, such as Sum of Absolute Differences (SAD) or Normalized
Cross Correlation (NCC), rely on window-based matching [9]. These are computationally
efficient but struggle in textureless regions. Global methods, including Graph Cuts and Belief
Propagation, formulate stereo matching as an energy minimization problem over the entire
image grid, yielding high accuracy at the cost of significant computational resources [10].
Semi-Global Matching (SGM) emerged as a hybrid approach, aggregating costs along multiple
1D paths to approximate the global 2D energy function, offering a balanced trade-off between
accuracy and speed [11].

2.1 Optimization in Computer Vision

The performance of SGM and similar algorithms is strictly dictated by the energy function's
parametrization. Early attempts to automate this tuning involved grid search techniques.
While simple to implement, grid search suffers from the curse of dimensionality; the search
space grows exponentially with the number of parameters, rendering it intractable for fine-
grained optimization [12]. To mitigate the computational cost of grid search, researchers
turned to meta-heuristic algorithms. Genetic Algorithms (GA) and Particle Swarm
Optimization (PSO) have been extensively applied to hyperparameter tuning in computer
vision [13]. These stochastic methods are adept at avoiding local minima by maintaining a
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population of candidate solutions. However, they are inherently computationally expensive,
often requiring hundreds or thousands of function evaluations (stereo matching runs) to
converge [14]. In real-time robotics where recalibration might be needed periodically, the
latency introduced by evolutionary algorithms is often unacceptable [15].

2.2 Gradient-Based Approaches

Gradient-based optimization offers a more direct path to the optimum by utilizing the slope of
the cost landscape. In the context of deep learning, backpropagation provides exact gradients
[16]. However, classical stereo algorithms involve discrete steps—such as winner-takes-all
selection and occlusion checks—that are non-differentiable. Recent works have explored
differentiable approximations of these steps to enable end-to-end training [17]. While
promising, these approaches typically require replacing the standard efficient C++
implementations with differentiable tensor-based versions, which may not be feasible on all
embedded hardware [18]. Our approach differs by treating the standard stereo algorithm as a
black-box function. We employ numerical gradient estimation combined with the Nonlinear
Conjugate Gradient method. NCG has been successfully applied in large-scale unconstrained
optimization problems in physics and engineering [19]. It offers better convergence
properties than Steepest Descent by ensuring that successive search directions are conjugate,
thereby preventing the "zig-zag" behavior often seen in standard gradient descent methods in
narrow valleys [20]. This paper explores the application of this powerful mathematical tool to
the specific domain of stereo vision parameter tuning.

3. Methodology

The core of our proposed framework is the integration of a Nonlinear Conjugate Gradient
optimizer with a stereo matching engine. The process is cyclical: the optimizer proposes a set
of parameters, the stereo engine generates a disparity map, a cost function evaluates the
quality of this map, and the optimizer updates the parameters based on the cost gradient.

3.1 Problem Formulation

We define the stereo matching algorithm as a function that maps a pair of rectified images, left
and right, and a parameter vector to a disparity map [21]. The parameter vector contains the
hyperparameters to be optimized. Common elements of this vector include the primary
penalty P1, the secondary penalty P2, the block size for cost aggregation, and the uniqueness
ratio threshold. The objective is to find the parameter vector that minimizes a defined cost
function. In a controlled calibration setting, ground truth disparity maps are available. The
cost function is typically defined as the Root Mean Square Error (RMSE) or the percentage of
bad pixels between the generated disparity map and the ground truth [22]. In the absence of
ground truth, no-reference metrics such as left-right consistency checks and entropy-based
measures can be employed, though this study focuses on the supervised case to validate the
optimization efficacy [23].

3.2 The Nonlinear Conjugate Gradient Method

The NCG method is an iterative algorithm used to find the local minimum of a nonlinear
function. Unlike the linear conjugate gradient method designed for quadratic problems, NCG
adapts the conjugacy concept for general nonlinear functions. The algorithm starts with an
initial guess and computes the gradient of the cost function at that point [24]. Since the stereo
matching process is not analytically differentiable, we approximate the gradient using the
central finite difference method. For each parameter in the vector, we perturb the value
slightly in both positive and negative directions, measure the change in the cost function, and
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compute the partial derivative [25]. This numerical gradient indicates the direction of the
steepest ascent. The search direction is updated at each iteration. For the first iteration, the
search direction is simply the negative of the gradient (steepest descent). For subsequent
iterations, the new search direction is a linear combination of the current negative gradient
and the previous search direction [26]. The coefficient for this combination, often denoted as
beta, is crucial. We employ the Polak-Ribiere formula for calculating beta, as it is known to
provide superior convergence properties for non-quadratic functions compared to the
Fletcher-Reeves method [27]. Once the search direction is determined, a line search is
performed to find the optimal step size along that direction. We utilize a line search satisfying
the strong Wolfe conditions, which ensures a sufficient decrease in the cost function and
prevents the step size from becoming too small [28].

3.3 Implementation Details

The framework is implemented to interface with standard computer vision libraries. The
optimization loop manages the parameter constraints to ensure physical plausibility (e.g.,
window sizes must be odd integers, penalties must be positive). Real-valued parameters
proposed by the NCG solver are rounded to the nearest valid discrete values where necessary
before being passed to the stereo matcher [29].
Code Listing 1: NCG Optimization Loop Logic
def optimize stereo parameters(initial params, max iterations):

x = initial params

# Calculate initial gradient using finite differences

g = compute numerical gradient (cost function, x)

d = -g

for k in range (max iterations):
# Line search to find optimal step size alpha

alpha = line search(cost function, g, x, d)

# Update parameters

X new = X + alpha * d

# Check convergence criteria

if verify convergence (x, X new):
break

g new = compute numerical gradient (cost function, x new)

# Polak-Ribiere Beta calculation

beta = max (0, dot(g new, g new - g) / dot(g, g))

# Update search direction (Conjugate direction)
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d = -g new + beta * d
X = X new
g = g_new

return x

The system is designed to be modular. The cost function acts as an interface that can be
swapped depending on the availability of ground truth data or the specific metric of interest
(e.g., maximizing density vs. minimizing error) [30].

4. Experimental Results

To evaluate the efficacy of the NCG-based optimization, we conducted experiments using the
Middlebury Stereo Datasets and the KITTI Vision Benchmark Suite. These datasets provide
high-quality stereo pairs with associated ground truth disparity maps, enabling precise
quantitative evaluation.

4.1 Convergence and Accuracy

We compared the NCG method against two baselines: the default parameters provided in the
OpenCV implementation of Semi-Global Block Matching (SGBM) and a standard Steepest
Descent (SD) optimizer. The optimization target was to minimize the percentage of bad pixels,
defined as pixels where the absolute disparity error exceeds 1 pixel.

The initial parameters were set to standard values often cited in literature. The NCG optimizer
was allowed to run for 50 iterations, though convergence was typically observed much
earlier. We observed that while Steepest Descent often oscillated in the narrow valleys of the
P1/P2 parameter space, NCG efficiently navigated these ridges due to the conjugacy property
of its search directions.

Table 1 Experimental Results Comparison on Middlebury Dataset

Method Avg. Bad Pixel RMSE Iterations to Time (s)
Rate (%) Converge

Default 12.45 412 N/A N/A

Parameters

Steepest Descent 8.32 2.89 42 345

Genetic 7.95 2.75 150+ 1280

Algorithm

NCG (Ours) 7.88 2.68 18 142

As shown in Table 1, the NCG method outperforms the default parameters significantly,
reducing the bad pixel rate by over 4%. More importantly, it achieves results comparable to or
slightly better than Genetic Algorithms but with a fraction of the computational cost. The time
taken for NCG to converge was approximately one-tenth of that required by the GA, making it
far more suitable for rapid calibration scenarios [31].
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Figure 1: Convergence Analysis
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Figure 1 Convergence Analysis

4.2 Visual Qualitative Analysis

Quantitative metrics do not always capture the visual quality of the disparity map, which is
crucial for human interpretation and certain segmentation tasks. We analyzed the resulting
disparity maps visually. The parameters optimized by NCG tended to find a better balance
between the smoothness constraints and data fidelity. In regions with repetitive textures,
where the default parameters often introduced streaking artifacts, the NCG-optimized
parameters effectively suppressed noise without removing genuine geometric features. The
optimization of the uniqueness ratio was particularly effective in removing "speckles" or
outliers caused by mismatched blocks. By fine-tuning the window size in conjunction with
penalty parameters, the algorithm preserved sharp object boundaries better than the manual
baseline.

Figure 2: Disparity Map Comparison
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Figure 2 Disparity Map Comparison
5. Discussion

The results indicate that the parameter space of semi-global matching algorithms is well-
suited for conjugate gradient optimization, provided that the gradient approximation is
handled robustly.
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5.1 Efficiency and Stability

One of the key advantages of NCG observed in this study is its stability. Unlike stochastic
methods where the final result can vary between runs, NCG is deterministic for a given
starting point (assuming the gradient approximation is consistent). This determinism is
valuable in industrial certification processes where system behavior must be predictable. The
efficiency of the method is largely derived from the use of the Polak-Ribiere update rule. In
our experiments, we noted that the restart strategy—resetting the search direction to the
steepest descent vector every n iterations—was crucial for avoiding stagnation in non-convex
regions of the cost surface. This confirms theoretical expectations that periodic restarts help
NCG recover from accumulated numerical errors in the conjugacy of the search directions.

5.2 Limitations and Sensitivity

While the finite difference method allows us to treat the stereo matcher as a black box, it
introduces sensitivity to the step size used for gradient approximation. If the step size is too
small, numerical noise from the discrete nature of the image data dominates the gradient. If
too large, the local curvature is missed. We utilized an adaptive step size for the finite
difference calculation, but this remains a heuristic aspect of the implementation. Furthermore,
the optimization is local. If the initial parameters are initialized in a basin of attraction far
from the global optimum, NCG will converge to a local minimum. While our experiments
showed that standard default values serve as adequate initialization points, highly complex
cost landscapes might still require a hybrid approach, such as running a coarse random search
followed by fine-tuning with NCG.

5.3 Application to Dynamic Environments

The speed of convergence suggests that this framework could be adapted for online learning.
In an autonomous vehicle scenario, the system could potentially detect when confidence in
the depth map drops (e.g., entering a tunnel or facing direct sunlight) and trigger a rapid re-
optimization cycle using a subset of frames or high-confidence static fiducials in the scene as
ground truth proxies.

6. Conclusion

This paper presented a comprehensive framework for the automated optimization of stereo
vision parameters using the Nonlinear Conjugate Gradient method. By effectively bridging the
gap between continuous optimization theory and discrete computer vision algorithms, we
demonstrated that significant performance gains can be achieved without the computational
overhead associated with evolutionary strategies. Our experimental validation on standard
datasets confirmed that NCG provides a superior trade-off between accuracy and
computational time. The method successfully reduces disparity errors and artifacting,
producing high-fidelity depth maps suitable for demanding autonomous applications. Future
work will focus on eliminating the dependency on ground truth data by developing robust no-
reference cost functions, thereby enabling fully autonomous, self-supervised calibration in the
field. This evolution will be critical for next-generation robotic systems that must operate
reliably in unstructured and unpredictable environments for extended periods.
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